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Abstract
Biological barriers in the human body are one of the most crucial interfaces perfected
through evolution for diverse and unique functions. Of the wide range of barriers, the
paracellular protein interfaces of epithelial and endothelial cells called tight junctions with high
molecular specificities are vital for homeostasis and to maintain proper health. While the
breakdown of these barriers is associated with serious pathological consequences, their intact
presence also poses a challenge to effective delivery of therapeutic drugs. Complimenting a
rigorous combination of in vitro and in vivo approaches to establishing the fundamental
biological construct, in addition to elucidating pathological implications and pharmaceutical
interests, a systematic in silico approach is undertaken in this work in order to complete the
molecular puzzle of the tight junctions. This work presents a bottom-up approach involving a
careful consideration of protein interactions with Angstrom-level details integrated
systematically, based on the principles of statistical thermodynamics and probabilities and
designed using well-structured computational algorithms, up to micron-level molecular
architecture of tight junctions, forming a robust prediction with molecular details packed for up
to four orders of magnitude in length scale. This work is intended to bridge the gap between the
computational nano-scale studies and the experimental micron-scale observations and provide a
molecular explanation for cellular behaviors in the maintenance, and the adverse consequences
of breakdown of these barriers. Furthermore, a comprehensive understanding of tight junctions
shall enable development of safe strategies for enhanced delivery of therapeutics.
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1. CHAPTER-1: INTRODUCTION
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Background
Epithelial and endothelial cells form continuous linings around several organs of the
human body, performing uniquely tailored set of functions and providing compartmentalization
for the maintenance of homeostasis. For example, the skin epithelium is one of the most
important barriers, protecting us from the harsh external environments, as well as keeping the
body from losing essential fluids and thereby helps in preserving optimal body conditions.
Epithelia are found everywhere, including but not limited to, the skin, kidneys, intestines, lungs,
among others. Endothelia are similar linings forming the innermost layer of the blood vessels.
Especially the blood vessels distributing blood to the brain form highly specialized endothelial
interfaces called the blood-brain barrier to ensure safeguarding of the brain.
The epithelial sheets of cells maintain the integrity of the organs and aid them in their
proper functioning by forming a barrier towards undesirable mixing of fluids in different
compartments or leaking of fluids from a containment. For example, the intestinal epithelial
barrier ensures proper containment of the intestinal fluids within the intestinal cavity. Failure or
damage to these barriers are often coupled with serious pathological conditions such as the
inflammatory bowel diseases (IBD),1,2 acute respiratory distress syndrome (ARDS)3,4, etc.,
which can be fatal. Likewise, the blood-brain barrier presented by the vascular endothelia of the
brain ensure to keep the foreign molecules in the blood from entering the brain, whose
breakdown may lead to serious disorders such as multiple sclerosis, cerebral ischemia, brain
trauma, among others.5
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Figure 1-1. Transepithelial transport pathways: Transcellular and paracellular.
Despite the indispensable role of epithelial and endothelial barriers, they tend to be a
hindrance to the delivery of therapeutic drugs to treat several diseases.6,7 Therapeutics encounter
numerous epithelial and endothelial barriers to reach their final location of effect. In such cases,
there are two major pathways to achieve transepithelial transport: transcellular and paracellular
(Figure 1-1).6 The transcellular pathway involves drug molecule entering the epithelial cell
through its apical membrane and exiting on the counter side by crossing its basolateral
membrane or, entering the neurovascular endothelial cells from the blood luminal side and
exiting into the brain side as an example for endothelia. On the other hand, in the paracellular
pathway the drug molecules move along the gaps between the epi/endothelial sheets of cells or
the paracellular gaps to achieve transepithelial transport.
Generally, the transcellular transport of molecules is carried out via specific mechanisms
such as carriers, channel, or vesicle mediated transport. However, these carriers can be highly
specific and tedious to recruit for drug transport. Also, the transcellular pathway involves
multiple other checkpoints called effluxes which are specialized mechanisms of the cell to expel
any foreign substances back into the apical end. The paracellular pathway, on the other hand, is
guarded by specialized complex protein structures called the tight junctions (TJ), formed by
proteins on the plasma membrane of the adjacent cells coming together to seal the gaps. TJs
3

exhibit a highly specific size and charge selectivity for the molecules that can be permeated
across them. These specificities are the outcome of the proteins involved in the TJ formation.
Transport pathway suitable for a therapeutic drug molecule depends on its
physicochemical nature. Transcellular transport is preferred by lipophilic molecules, while
hydrophilic molecules largely rely upon the paracellular mode for transepithelial transport. 8,9
Several strategies have been undertaken in the past to enhance better drug delivery both via
transcellular as well as paracellular pathways.9,10
Due to active efflux mechanisms associated with the transcellular pathways, it involves
several uncertainties in the drug transport to be overcome. While paracellular barriers are
relatively passive structures in regulating the transport of molecules and have better prospects to
be modulated, these structures are crucial for maintaining the compartmentalization as discussed
above and cannot be compromised irreversibly. In this work, the paracellular TJs have been
investigated starting from a molecular Angstrom scale to the scale of micrometers to develop a
basis for the unique specificities of TJs as a function of the molecular orientations of TJ forming
proteins.
The extended goals include:
(1)

Understanding the pathological perspective of diseases involving TJ

disintegration, the molecular reasons, and insights to treat.
(2)

Enabling development of novel strategies for “temporary loosening” of the

tight junctions to permeate the drugs, without losing the integrity and the essential barrier
properties of the TJ interfaces permanently or triggering detrimental outcomes.
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Tight Junctions
TJs, although named collectively, have unique set of functions in different regions of the
body. They can form selectively permeable barriers to allow transport of specific ions, water, or
small molecules, or entirely seal off the transport based on their unique size and charge selective
protein interfaces. The TJ formation involves several families of proteins, however, a specific
family of proteins called “claudins” are known to be key in determining the selective
permeability or barrier forming characteristic, and the nature of TJ selectivity.11,12
Claudins are expressed in
vascular endothelial cells and all
known epithelial cells throughout
the body.13,14 To date, 27 members
of the claudin family are known to
be functionally expressed in
mammals.15–17 They are classified
into classic claudins (1−10, 14, 15,
17, and 19) and non-classic

Figure 1-2. Claudin (a) 3D structure, (b) top view, (c)
cartoon representation of transmembrane domain
orientations in top view.

claudins (11−13, 16, 18, 20−27) based on their sequence similarity and structural homology. 17,18
Most tissues express multiple members of the claudin family at the TJs.19–22 Claudin proteins
(~20−30 kDa) fold into a four-transmembrane helix bundle (TM1–4) with two extracellular
loops (ECL1–2) and an intracellular loop (ICL) (Figure 1-2).18,23 The lateral interactions
mediated by TM and ECL domains of claudins within the membrane of the same cell are termed
cis interactions. Cis interactions between multiple claudins occur in membranes of expressing
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cells. Subsequently, the claudins undergo trans assembly via head-on interactions of their ECL
loops and form the macromolecular TJ assembly with adjacent claudin expressing cells. 11,24
Experimentally, drug or
solute permeability is typically
studied using cell cultures grown
on permeable membranes in a
transwell, where the
transendothelial/epithelial
electrical resistance (TEER) is
used to measure the change in the

Figure 1-3. In vitro characterization of the paracellular
barrier strength using Transepithelial electrical resistance
(TEER) model

electrical resistance across the cellular monolayer (Figure 1-3).25,26 The TEER measurements
evaluate the permeability and integrity of the epithelial cell layer. Freeze fracture technique is
used to get a structural perspective of TJs formed by different claudins. However, the exact
molecular interface enabling specific molecular transport or the placement of such transport
channels in a micron-scale strand structure has been challenging to decipher. Through the
advancement of computational methods, it has been able to understand the molecular structures
of single transport unit, with significant experimental support. However, (1) to independently
identify the key dimeric units and their relevance to transport channel forming interfaces and (2)
to evaluate their abundance/frequency in a higher assembly strand at length scales comparable to
experimental freeze fracture images, have been computationally highly expensive to pursue, both
from computational cost and wall clock time perspectives. This work directly addresses these
two challenges through novel computational methods developed using combination of molecular
dynamics simulations, multiscaling approaches and python programming.
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Computational Methods
An overview of the computational tools and approaches used in this work are described
below.
Protein homology modeling. Crystal structures of murine and human claudins mClaudin15 (4P79),27 mClaudin-19 (3X29),28 hClaudin-4 (5B2G),29 and mClaudin-3 (6AKE)30 are
available. Most of the currently available claudin structures have missing loop and c-terminal
domains, due to crystallographic artifacts. To study a claudin that has not yet been structurally
resolved, the first step is to construct its homology model. 31–33 Reliable homology models can be
derived if the target and template structures have at least 30% residue identity spanning the entire
length of the domain of interest.31–34 Since most claudins share ~30% sequence identity, this
technique can reliably model structures of the other members of the claudin protein family. 16,17,34
This work used a combination of homology modeling tools available through online servers such
as I-TASSER35–37 and RaptorX servers,38,39 or YASARA: a molecular-graphics, -modeling and simulation program,40 which are well established in the structural biology field. Both servers take
the primary sequence of the target protein as input and give as output the lowest energy 3Dmodeled structure of the protein.

7

Molecular Dynamics (MD) simulations. Simulations of biological systems are performed
at multiple resolutions—atomistic, coarse-grained, and mesoscale.41–43 In atomistic resolution,
the motion of each atom is evaluated as a function of time, whereas, in the coarse-grain (CG)
resolution, a group of atoms in an amino acid is mapped to a bead to evaluate its dynamics. The
classical atomistic MD approach is to simulate each atom of the system using pairwise
interatomic potentials to estimate the interaction strength of each atom with its remaining atoms

Figure 1-4. Typical form of a molecular force-field constituted by bonded (bond, angle,
dihedral, and torsion) interactions and nonbonded (electrostatic and van der Waal’s)
interaction energy terms. The force filed parameter set include: equilibrium bond length (𝑙0 ),
bond angle (𝜃0 ), dihedral angle (𝜔0 ), torsion angle (𝜑0 ), and their respective force constants,
𝑘𝑙 , 𝑘𝜃 , 𝑘𝜔 , and 𝑘𝜑 , as well as charge (𝑞𝑖 ) on each atom 𝑖, dielectric constant (𝜖0 ), strength of
dispersion interactions (𝜖𝑖𝑗 ), and contact distance (𝜎𝑖𝑗 ) between the atoms 𝑖 and 𝑗. The
interatomic distance is represented by 𝑟𝑖𝑗 .
8

in the system. The interaction energy of each atom in a system is modeled using a molecular
force field, which comprises of both bonded (bond stretch, angle bend, dihedral rotation, and
torsion) and non-bonded (electrostatic and van der Waal’s) interaction terms (Figure 1-4). The
MD simulations were performed using GROMACS suite, an MD simulation platform. The
preparatory steps and simulation treatments are described in detail for each chapter individually.
MD analyses and method development. Due to the specific nature of this study, several
customized analyses and computational study protocols were developed as a part of each
individual investigation. Most of the analyses and method developments were performed using
python programming language, often interfacing with GROMACS44 platform to access MD
simulation trajectories for analysis or for setting up MD simulation systems. The nature of
system setup, analysis scripts and/or method development codes pertaining to the specific
investigation of each chapter are described in detail as part of the chapter.

Summary
In chapter 2, the significance of membrane lipid environment in the local claudinmembrane interfacial context will be discussed in relation to palmitoylation, a covalent lipid
modification of claudin-5. This was studied from the point of view of the local membraneprotein interfacial effects on cis dimerization using single protein in membrane system as well as
self-assembly study of multiple proteins.
Followed by emphasizing the importance of lipid-protein interface and the challenges
faced with self-assembly simulations to study claudin dimerization and strand formation,
chapter-3 describes the method development project, Protein Association Energy Landscape
(PANEL method), undertaken to perform exhaustive study of claudin cis dimer association
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energetics, and to generate protein interaction landscapes. With the robust foundation of protein
landscapes, chapter-4 discusses an application of PANEL method to identify the selective nature
of claudin dimer interfaces for molecular transport.
In chapter 5, the PANEL outcomes were further analyzed with an intent to rank order the
energetically stable and frequent dimer interfaces. A systematic analysis for obtaining dimer
probabilities, and a python-based algorithm to predict higher assembly claudin TJ strands are
discussed in this chapter, demonstrated using claudin-15. A probabilistic molecular construction
of claudin assembly starting from a monomer at Angstrom length scale, predicting strands up to
micrometer length scale has been presented.
Starting from a claudin amino acid sequence, through computational biochemical and
biophysical approaches, this work demonstrates the journey of molecular construction of claudin
association over four orders of magnitude of length scale. This journey is intended to provide
several levels of structural details of claudin TJ strand architecture.
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Abstract
Post-translational lipid modification of integral membrane proteins is recognized as a key
mechanism to modulate protein-protein and membrane–protein associations. Despite numerous
reports of lipid-modified proteins, molecular-level understanding of the influence of lipidmodification of key membrane proteins remains elusive. This study focuses on the lipid
modification of one such protein—claudin-5, a critical component of the blood-brain barrier
(BBB) tight junctions. Claudin-5 proteins are responsible for regulating the size and chargeselective permeability at the blood-brain interface. Palmitoylation of claudin family of proteins is
implicated in influencing the tight junction permeability in prior experimental studies. Here we
investigate the impact of palmitoylation on claudin-5 self-assembly using multiscale molecular
simulations. To elucidate protein-membrane interactions, we used three model membrane
compositions (endoplasmic reticulum, cholesterol-enriched endoplasmic reticulum, and plasma
membrane) that mimic the complexity of cell organelles encountered by a typical membrane
protein in its secretion pathway. The results show palmitoylation enhances protein’s affinity for
cholesterol-rich domains in a membrane, and it can elicit a site-specific response based on the
location of the palmitoyl chain on the protein. Also, in claudin-5 self-assembly, palmitoylation
restricts specific protein-protein conformations. Overall, this study demonstrates the significance
of post-translational lipid modification of proteins in cellular and subcellular membranes, and the
impact palmitoylation can have on critical cellular functions of the protein.

Introduction
Claudins are transmembrane proteins that form tight junctions—adhesion complexes
between adjoining epithelial or endothelial cells. The tight junctions act as physical barriers that
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form charge- and size-selective seal to regulate paracellular transport.1-3 Claudin-5 specifically,
is involved in establishing the tight junctions of the blood-brain barrier (BBB) interface and other
vascular endothelial cells.4,5 These tight junctions are formed by the membrane-mediated
interaction of claudin-5 monomers in a cell (cis) via transmembrane (TM) domains and
extracellular loop (ECL) interactions, which subsequently interact head-on with their
counterparts in the adjacent cell (trans) in the paracellular space. Understanding how claudins
assemble to establish tight junctions and consequently control the permeability of underlying
tissues is of biochemical and physiological importance.
Recent studies have shown that various post-translational modifications of claudin-5
monomers can directly influence tight junction assembly. 6-8 Of particular interest has been Spalmitoylation, which is an enzyme catalyzed covalent attachment of palmitic acid (saturated 16carbon long fatty acid) to the cysteine residue(s) in proteins via a thioester bond. The reversible
nature of S-palmitoylation has been associated with regulatory functions including protein
trafficking, domain sorting, and protein-protein interactions in both integral and peripheral
membrane proteins.9-11 Interestingly, experiments have revealed that claudin palmitoylation has
broad physiological impact ranging from cancer progression to tissue permeability regulation. 7,1214

However, the exact molecular and biochemical mechanisms underlying these regulatory roles

are yet to be understood. Elucidating the mechanistic role played by palmitoylation in claudins
can be pivotal in biochemical discovery of therapeutics.
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To establish the BBB tight junctions, claudin-5 must undergo self-association driven by
the membrane milieu. Claudin-5 has been reported to be palmitoylated when isolated from
human platelet-rich plasma proteomes based on mass spectrometric assay. 15 It is, however,
unclear how palmitoylation impacts claudin tight junction assembly and consequently the BBB. 14
A previous study demonstrated that targeted mutations of palmitoylation sites deter claudin-14
assembly into the tight junctions.6 In contrast, palmitoylation in claudin-7 excludes the protein
from the tight junction assembly; surprisingly this is a naturally occurring signaling cascade in
cancer cells and acts as biomarkers for cancer metastasis. 7 Both these studies strongly indicate
that palmitoylation has a direct impact on the protein-protein interactions, and that
palmitoylation carries a broader biological significance. 6,7 These findings suggest that
palmitoylation may also have a key physiological role to play at the tight junction interface
formed by claudin-5 interactions.

Figure 2-1. Claudin-5P PCL site (Cys 04, 107; purple) and PTM site (Cys182, 183; yellow).
Biophysical investigations have shown that palmitoylation enables anchoring of proteins
to higher-ordered lipid nanodomains (typically called membrane rafts). 9,16,17 Blocking
19

palmitoylation either via cysteine mutation or enzyme inhibition prevents protein association to
ordered nano-domains.12,18,19 The presence of the 16-carbon saturated fatty acid chain has been
proposed to shift the protein’s partitioning from a liquid-disordered domain, comprising of
unsaturated lipids, to a liquid-ordered domain, enriched in saturated lipids, cholesterol and
sphingolipids.16,20 The change in the local lipid density also manifests as a change in the
hydrophobic thickness (l and l+Δl) at the domain boundaries, evident from atomic force
microscopy and X-ray scattering measurements.16 Furthermore, palmitoylated proteins have been
reported to associate with detergent-insoluble membrane rafts during solubilization and
isolation.9
Besides the lipid environment, the lability of the thioester bond can alter the degree of
palmitoylation of a protein. In claudin-5, two pairs of evolutionarily conserved cysteine residues
in the cytosolic loop region (Cys 104 and 107; PCL site) and transmembrane region (Cys 182 and
183; PTM site) are potential palmitoylation targets (Figure 2-1).21,22 Due to a lack of spatial and
temporal resolution in experimental studies, it is unclear whether the variability in the total
number of palmitoyl chains or degree-of-palmitoylation has any consequence on protein
behavior. Recent breakthroughs in mass-spectrometry have revealed that the palmitoylation in
claudins is labile and in most cases the protein can be palmitoylated at up to four cysteine
residues.23
In our earlier work, we reported characterization of tight junction assembly in claudin-5
using both atomistic and coarse-grained molecular dynamics simulations.24 Our multiscale
approach enabled us to rigorously capture the biochemical effects of even a single-point
mutation in claudin self-assembly.25 Here we extend our approach to investigate the role of
palmitoylation in claudin-5 assembly and BBB tight junction architecture. In a two-pronged
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approach: we first investigate the protein-lipid adaption of a single claudin-5 protein in its nonpalmitoylated (claudin-5) and palmitoylated (claudin-5P) form in three model membranes:
endoplasmic reticulum, cholesterol-enriched endoplasmic reticulum, and plasma membrane. In
the second phase of this work, we used three model membranes to study claudin-5 and claudin5P self-assembly to elucidate the relevance of palmitoylation to the BBB tight junctions. Our
results indicate that palmitoylation elicits a site-specific response of claudin-5 to the membrane
lipids by preferential partitioning to saturated lipid domains enriched in cholesterol.
Significantly, palmitoylation shifts the type of interaction claudin-5 can form via self-assembly,
where the palmitoyl tails at specific cysteine sites contribute to screening effects and steric
hindrance that negatively influence certain dimeric interactions. In a broader sense, this study
demonstrates the significance of post-translational lipid modification of proteins in cellular and
subcellular membranes at a molecular-level that remains unattainable with the current
experimental techniques.

Methods
Atomistic Simulations: The structure of claudin-5 was obtained via homology modeling,
reported in our earlier publication.24 The protein-membrane system was built using CHARMMGUI26 webserver with CHARMM36 force field for protein and lipids27 The proteins (claudin-5
and claudin-5P) were individually inserted in membrane patches of a ternary mixture of 1,2dipalmitoyl-sn-glycero-3-phosphocholine (DPPC), 1,2-dioleoyl-sn-glycero-3-phosphocholine
(DOPC), and cholesterol (CHOL) in a 2:2:1 ratio. A second ternary membrane system of 1,2distearoyl-sn-glycero-3-phosphocholine (DSPC), DOPC, and CHOL in 2:2:1 ratio was also used.
The systems were solvated with explicit TIP3P water and 0.15 M NaCl. GROMACS software
suite28 was used in equilibrating the system. Each system was energy minimized with position
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restraints on the protein, followed by 20 ns of isothermal-isochoric (NVT) equilibration at 295.15
K and 20 ns of isothermal-isobaric (NPT) equilibration steps with position restraints on the
protein backbone. In the production molecular dynamics (MD) runs all constraints were removed
and the simulations were performed on Anton 2,29,30 a special-purpose high performance
computer designed for all-atom MD simulations of proteins and other biological
macromolecules. The root-mean square deviation (RMSD) of the palmitoylated claudin-5
backbone amino acid residues 1-190 was calculated over the trajectory to ensure structural
integrity of the claudin-5 upon palmitoylation (Fig. S1). The input files compliant with Anton 2
platform (Section S1) were converted from equilibrated GROMACS output files using visual
molecular dynamics (VMD) package and the Anton internal software commands. The simulation
temperature and pressure were maintained by Nose-Hoover thermostat31 and by Martyna-TobiasKlein barostat,32 respectively. The long-range electrostatic interactions were computed by Anton
using u-series approach, designed to optimize the computational speed. Each system was
simulated in triplicate for 10 μs.
Table 2-1. Simulation details
Composition
System

Membrane

Lipidsa
Single protein

Assembly

ERc-mimicb

DPPC:DOPC:CHOL

2:2:1

-

ERc-mimicc

DSPC:DOPC:CHOL

2:2:1

-

ER-mimicd,e

DPPC:DOPC

1:1

1:1

ERc-mimicd,e

DPPC:DOPC:CHOL

2:2:1

2:2:1

UL(PC:PE:GM1:SM:CHOL)

45:10:10:15:20

45:10:10:15:20

LL(PC:PE:PS:PI:CHOL)

10:45:15:10:20

10:45:15:10:20

AA

CG
PM-mimicd,e,f
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a

See Table S1 for chemical names of the lipids

b

Triplicate simulations (10 µs, 295.15 K) on ANTON2; 6×6×10 nm3

c

Single simulation (10 µs, 300.15 K) on ANTON2; 10×10×10 nm3

d

e

Single protein: Triplicate simulations (20 µs); simulation box size: 20×20×10 nm 3

Self-assembly of 72 proteins; triplicate (10 or 15 µs); simulation box size: 50×50×10 nm 3

f

Upper leaflet (UL) and Lower leaflet (LL) composition

Coarse Grain simulations: The coarse-grained (CG) models of claudin-5 and claudin5P were generated from the equilibrated atomistic structures based on Martini v2.2 force
field.33,34 We verified that the presence of palmitoyl chains did not affect the cytosolic loop
structure significantly by calculating and comparing the root-mean-square fluctuation (RMSF) of
claudin-5 and claudin-5P proteins (Fig. S2). The RMSF data shows a <2 Å difference in the
structure upon palmitoylation, which is reasonable due to the unstructured nature of the cytosolic
loop. A locally modified version of martinize script was used to coarse grain the palmitoyl chains
in claudin-5P (Section S2).
The ElNeDyn approach was used to preserve the conformation integrity of the coarse
grained protein.35 Side-chain fix corrections were included in order to prevent unphysical sidechain rotation in the β-sheets.36 Membrane lipids were generated using the INSANE script. 37 The
claudin-5 and claudin-5P monomers were individually inserted into three different membrane
compositions: First, a simple membrane composition mimicking the endoplasmic reticulum (ERmimic) composed of DPPC:DOPC lipids in 1:1 ratio; second, a cholesterol enriched region of
endoplasmic reticulum (ERc-mimic) composed of equal amounts of DPPC and DOPC lipids and
20% CHOL;38 and third, a asymmetric plasma membrane (PM-mimic) with an upper leaflet (UL)
composed of phosphatidylcholine (PC), phosphatidylethanolamine (PE),
monosialotetrahexosylganglioside (GM1), and sphingomyelin (SM) and CHOL, and a lower
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leaflet (LL) composed of PC, PE, phosphatidylserine (PS), phosphatidylinositol (PI), and
CHOL39 (Tables 2-1 and S1). Overall, an equal amount of saturated to unsaturated lipid ratio
was maintained with 20% cholesterol.40
It is well established that the Martini force field (version 2.2) does not reproduce the
correct phase-separation behavior of ternary mixtures of DOPC, DPPC, and CHOL. 41,42 In
contrast, membranes composed of Martini lipids 1,2-dilinoleoyl-sn-glycero-3-phosphocholine
(DIPC), DPPC, CHOL yield well-separated phases. Using the original Martini DOPC and DIPC
parameters as a starting set, we adopted a hybrid approach to optimize DOPC parameters using
DIPC parameters as a guide until we achieved optimal phase-separating mixture DOPC, DPPC,
and CHOL lipids that matched the atomistic data. Specifically, we changed a C1 bead (C3A) in
DOPC to C3, resulting in two C3 beads, and adjusted C3−C1 Lennard-Jones (LJ) interaction
parameter (Section S4). This approach successfully optimized the DOPC-DPPC hydrophobic
interactions, however, with a potential drawback of an unintended alteration in pure DOPC
phase. Optimization of C3−C1 LJ parameter was also crucial for investigating the effect of
palmitoyl chains (CYP), which are saturated fatty acid represented by C1 beads. The C3−C1 LJ
parameter optimization ensured that CYP-DOPC and CYP-DPPC interactions are modeled
correctly. An alternate strategy of optimizing C3−C1 LJ interaction was reported by Davis et
al.,41 where they introduced a new Martini C6 bead type that had same self-interaction (C6−C6)
as in C1−C1 as in saturated DPPC lipid, while the cross interaction (C6−C3) were equal to the
C1−C4 interaction to obtain DPPC-DOPC phase separation. The introduction of new bead type
has an advantage that DPPC-DPPC and DPPC-DPPC self-interactions remained unchanged.
Despite the differences in implementation, both Davis et al.’s method41 and our method yield
phase-separation behavior of ternary mixtures of DOPC, DPPC, and CHOL.
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The systems were solvated with standard Martini CG water with 0.15 M NaCl. In the
self-assembly simulation setup, the 72 proteins were uniformly arranged in a grid with protein
surface-to-surface spacing of 2.4 nm. All CG MD simulations were performed in GROMACS
version 2016.28 The systems were energy minimized followed by 400 ns of NVT at 295 K using
v-rescale thermostat43 with coupling constant of 1.0 ps and NPT equilibration with semi-isotropic
pressure coupling at 1 bar using Parrinello-Rahman barostat44 at 295 K with a coupling constant
of 1 ps and compressibility of 4.5×10−5 bar−1. A 20 fs time step was used in all CG simulations.
The neighbor list was updated every 25 steps. Electrostatics and van der Waals interactions were
cut off at 1.1 nm, and were shifted to zero starting at 0 and 0.9 nm, respectively. The electrostatic
screening constant (εr) was 15. All systems were run in triplicate utilizing different random
number seeds while assigning velocities. Monomer simulations were extended to 20 μs, while
the self-assembly simulations were performed for 15 μs each (without accounting for Martini
scale-up).
Umbrella sampling simulations: The change in free energy for claudin-5 and claudin5P dimerization in ER-mimic membrane was studied using the PLUMED plugin45 in
GROMACS. The recently developed collective variable INTER-DRMSD46 was utilized for free
energy calculations. The DRMSD collective variable computes the root-mean squared deviation
in the distances of all atom pairs that are part of the reference structure and has been shown to
describe the dimerization reaction better than distance coordinates alone. 46 We performed replica
exchange MD using the DRMSD space starting from 4.0 nm along with 28 replicas spaced
progressively from 0 to 4.0 nm (Section S4). The isolated dimer interactions from the selfassembly simulation were used as the reference structures for DRMSD calculation. The results
were reweighted using the weighted histogram analysis method. 47
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Analysis: The simulation trajectories and protein structures were analyzed using
GROMACS tool set and in-house python scripts with the MDAnalysis package.48,49 Details of
the analysis performed are provided in the Section S5. Statistical error and significance reported
in the study were performed using student t-test.

Results and Discussion
Claudin-5 palmitoyl chains elicit site-specific protein-lipid interactions
The protein-lipid interactions of claudin-5 and claudin-5P monomers were evaluated in
two phase-separating lipid mixtures (DPPC/DOPC/CHOL and DSPC/DOPC/CHOL) at all-atom
resolution for 10 µs. The phase-separating behavior of the ternary lipid mixtures was
characterized by computing the normalized lipid-lipid contacts.
The time evolution of the contacts showed that saturated lipids preferentially interacted
with saturated lipids>cholesterol>unsaturated lipids (Fig. S3) exhibiting DPPC-rich and DOPCrich membrane domains. The formation of phase-separated membranes for a 2:2:1 mixture of
DPPC/DOPC/CHOL (at 295 K) has been reported experimentally. 50
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Figure 2-2. All-atom simulation of claudin-5P in ERc-mimic lipid membrane. (a) Protein
orientation (PCL and PTM sites) in the lower leaflet of the DSPC/DOPC/CHOL membrane
(arrows); (b) normalized contacts of individual PCL (purple) and PTM (yellow) palmitoyl chains
with saturated and unsaturated lipids, and cholesterol; (c) average palmitoyl chain order
parameter for Cys104 (purple) Cys107 (light purple) and Cys182 (yellow) Cys183 (light yellow)
chains; and (d) superimposed positions of claudin-5P (green cartoon) PCL (purple) and PTM
(yellow) chains during the last 1 µs of the 10 µs simulation along with the densities of upper (UL)
and lower leaflet (LL) head group densities (orange) and membrane midplane (green, pink).
We then analyzed for number density of individual lipids around the protein and order
parameters for the palmitoyl chains (Figure 2-2). The results showed a preferred association of
claudin-5P to the saturated-rich and unsaturated-rich domain boundary. Remarkably, the PCL
chains predominantly associated with the saturated lipids, whereas the PTM chains preferably
associated with the unsaturated lipids (Figure 2-2a). To quantify the preferential partitioning of
the three membrane components (DSPC, DOPC, and CHOL) towards the palmitoyl chains, we
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performed the time evolution of the normalized contact analysis (Fig. S4). Based on the
normalized contacts data PCL chains were observed to interact with saturated lipids>unsaturated
lipids>cholesterol at equilibrium (after 6 µs), while the PTM chains have more dynamic contact
with an overall preferential interaction with the unsaturated lipids>saturated lipids>cholesterol;
depicted in Figure 2-2b. Further, we computed the PCL and PTM lipid chain order parameters,
which are considered biophysical markers of phase behavior and provide a measure of the
average orientation of the CH2-segments along the lipid chain.51 The order parameters for PCL
and PTM chains, averaged over the last 1 µs of the trajectory, showed that P CL chains were more
ordered than PTM (Figure 2-2c). These lipid order parameters in conjunction with normalized
contact analysis indicate that palmitoylation elicits a site-specific influence on lipid affinity and
provide directionality to claudin-5; or in other words, palmitoylation sites direct which face of
the claudin-5 interacts with ordered domains of the membrane. The PCL chains bound to
cytosolic loop of the claudin monomer align themselves with the saturated lipids in the lower
leaflet. The time-lapsed orientations of PCL and PTM chains were captured for the last 2 µs of the
simulation at 250 ns intervals. Interestingly, both the PCL chains span the lower leaflet of the
membrane, whereas PTM chains cross the membrane mid-plane and interact with the upper leaflet
lipid tails (Figure 2-2d). The secondary structure of the TM4 helix prevents the PTM chains from
aligning to the surrounding lipids. Consequently, the PTM chains develop a kink at the second and
third carbons (Figure 2-2d) and exhibit a lower (<0.4) order parameter. It is therefore not
surprising that the geometrically frustrated PTM chains preferentially orient towards the
unsaturated lipids.
Conversely, in the absence of palmitoyl chains, claudin-5 monomer did not generate sitespecific orientation to the membrane lipids (Fig. S5), ruling out the TM domain residues as the
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cause of site-specific lipid adaptation. It is evident from this analysis that the location of the posttranslational cysteine residues (cytosolic versus TM), and the surrounding lipid composition
influences the overall protein-lipid behavior. Many integral membrane proteins, including the
GPCRs, transporters and ion channels have been reported to have multiple palmitoylation sites. 52
The site-specificity of palmitoylation can be of critical importance in understanding the
functionality of these membrane proteins.
Membrane complexity influences claudin-5 and claudin-5P lipid adaptation differently
Claudin monomers encounter multiple lipid compositions from the point of their
secretion in the endoplasmic reticulum to the plasma membrane, where they assemble into the
tight junctions. It is unclear how palmitoylation impacts the protein-lipid interactions as the
proteins traverse the secretory pathway. To elucidate the impact of palmitoylation on proteins as
they adapt to variations in the membrane milieu, we studied claudin-5 and claudin-5P monomers
individually in three different membrane compositions that mimic the lipid profiles of the major
cell organelles. These compositions include the endoplasmic reticulum mimic (ER-mimic)
composed of a binary mixture of saturated and unsaturated lipids in 1:1 ratio, a cholesterolenriched endoplasmic reticulum mimic that facilitates membrane protein trafficking via vesicular
transport (ERc-mimic) with a 2:2:1 ternary mixture of saturated lipid, unsaturated lipid, and
cholesterol,38 and a plasma membrane mimic (PM-mimic) with ten components including
gangliosides, sphingomyelin, and cholesterol (Table 2-1).39 These in silico model membrane do
not capture the actual complexity encountered in vivo; nonetheless, they do capture the
fundamental interactions that are essential in understanding the biophysical and biochemical
interaction essential for the understanding of integral membrane proteins.16,39
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To ensure a well-equilibrated protein-lipid environment at an affordable computational
cost, simulations were performed in the coarse-grained representation. The Martini coarsegrained force field has been used in a wide variety of lipid-lipid and protein-lipid systems and
has been shown to successfully reproduce all-atom simulation data.53-55 The longtime scales (1020 µs) allowed membrane lipids to segregate into domains and modify the local protein-lipid
adaptation depending on the membrane composition. The simulations also enabled careful
calculation of hydrophobic thickness around a protein; defined as the acyl chain length distance
between the lipid head groups on either side of the bilayer. In claudin-5 and claudin-5P
simulations, the hydrophobic thickness of the membrane was averaged over the last 500 ns of the
simulation to quantify the differences in protein-lipid interaction for each model membrane.
The ER-mimic system exhibited nonideal mixing of the saturated and unsaturated lipid. It
is known that binary mixtures of unsaturated and saturated and lipids may exhibit liquid-gel
coexistence below the phase transition temperature (Tm), but above the Tm, a uniform mixing of
the lipids is expected.56,57 The observed heterogeneity in ER-mimic membrane is an
overestimation that could be a consequence of either our DOPC bead modification or the inexact
temperature behavior of the Martini lipids.
The membrane heterogeneity, however, does not impact the protein-lipid behavior
because the lipids do not show well-defined domain boundaries. We observe that claudin-5 is
largely resident in the unsaturated regions, while the palmitoylated protein is seen co-localizing
with the saturated lipids (Figure 2-3a-i). The hydrophobic thickness around the protein varied
between 2.9–3.4 nm (scaled between 0-1; Figure 2-3a-ii). Similarly, the order-parameter of the
surrounding lipid varied between 0.1-0.5 (Figure 2-3a-iii). The contact analysis revealed a
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preferential increase in claudin-5P interactions with saturated lipids, and consequently a decrease
in the interaction with the unsaturated lipid (Figure 2-3a-iv and Table S2).

Figure 2-3. Membrane properties of claudin-5 and claudin-5P in (a) ER-mimic, (b) ERc-mimic
and (c) PM-mimic. (i) Snapshot of the equilibrated lower leaflet (t = 20 µs) lipids showing
DOPC (blue), DPPC (red), cholesterol (white) and protein (green), and palmitoyl chains
(gray); (ii) Hydrophobic thickness (scaled between 0 and 1) around the protein; (iii) Lipid
order parameter of the lower leaflet membrane lipids around the protein; (iv) normalized
protein-lipid contacts (claudin-5; green and claudin-5P; gray). (All p < 0.001)
The ERc-mimic membrane displays cholesterol-rich saturated lipid domains with higher
hydrophobic thickness and higher order lipid tails compared to the unsaturated lipid domains
(Figure 2-3b). The claudin-5 protein associated with the domain boundaries showed highest
contact with the unsaturated lipids followed by cholesterol (Fig. 2-3b-iv and Table S3).
Differences were observed in the lower leaflet of the bilayer, whereas the trends in the upper
leaflet were not quite well defined (Fig. S6). Interestingly, palmitoylation caused a 20% shift in
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the protein-lipid adaptation; claudin-5P contacts increased with saturated lipids (from 0.07 to
0.2) and cholesterol (from 0.45 to 0.52) and decreased with unsaturated lipids (from 0.5 to 0.3).
The enrichment of saturated lipids led to higher hydrophobic thickness and higher order
parameters around the protein (Figure 2-3b).
Finally, we performed simulations with the PM-mimic membrane where the complexity
of the plasma membrane was represented by ten lipid components. The upper and lower leaflet
compositions were selected to exhibit charge asymmetry observed in a typical plasma
membrane. Enhancing the complexity of the membrane in the PM-mimic resulted in enrichment
of cholesterol and saturated lipids around claudin-5P (Figure 2-3c-iv and Table S4). Due to the
diverse composition of the lipids, the subtle changes in hydrophobic thickness and order
parameter profiles—prominent in the ERc membrane—were less evident (Figure 2-3c). Despite
of that claudin-5P was still observed to be associated with ordered raft-like nanodomains in the
lower leaflet, which directly correlated with the presence of palmitoyl chain. Besides
palmitoylation, other considerations of protein surface area, 58 hydrophobic thickness, interaction
of extracellular loops with lipid head groups can also play a role in protein partitioning into the
lipid domains.
Despite several ambiguities associated with defining the lipid rafts in biological
membranes from a chemical perspective, lipid rafts have generally been described as distinct
phase separated domains with highly ordered regions resulting from interactions between
saturated lipids and sphingolipids along with cholesterol giving rise to the coexistence of distinct
phases. The key factors involved in describing rafts include the membrane composition,
hydrophobic thickness of the lipids, and biophysical properties such as lipid diffusion rate,
transmembrane pressure profile, and membrane elasticity.59
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Palmitoyl chains stabilize claudin-5P in cholesterol-rich membranes
The enrichment of cholesterol in lower leaflet of the membrane surrounding claudin-5P
was consistent in both the ERc- and PM-mimic membranes (Figures S6 and S7). If
palmitoylation can enhance the accumulation of cholesterol around the protein, those interactions
should be energetically favored by the amino acids proximal to the palmitoylation sites. To
examine this further, nonbonded interaction energy of each TM domain amino acid residue with
individual ERc-mimic membrane component (DPPC, DOPC, and CHOL) was calculated for
claudin-5 and claudin-5P. The difference of the residue interaction energy was then calculated to
determine the influence of palmitoylation in the stabilizing or destabilizing the amino acid
residue in the vicinity of the membrane lipid component (Section S5). We observed that TM2
and TM4 residues in contact with DPPC and CHOL in the lower leaflet were stabilizing (Figure
2-4a) than those in the upper leaflet. Indicating, therefore, that the lower leaflet lipid adaptation
is subject to change in the presence of palmitoyl chains. The cholesterol binding probability of
each amino acid was computed from the last 1 µs of the equilibrated claudin-5 and claudin-5P

Figure 2-4. Schematic representation of claudin-5P (yellow) and PCL and PTM chains (gray). (a)
Change in interaction energy for each amino acid in the TM2 and TM4 domains with the surrounding
lipids upon palmitoylation (stabilized-blue; destabilized-red); (b) change in the cholesterol binding
probability for each amino acid residue upon claudin-5 palmitoylation in ERc-mimic membrane,
computed over the last 1 µs of production MD run (20 µs).
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simulation trajectories that showed an increase in claudin-5P’s cholesterol binding probability
(Figure 2-4b), especially for amino acid residues embedded in the lower leaflet of the membrane.
The cholesterol enrichment around the palmitoylated protein in the lower leaflet leads to
membrane leaflet asymmetry. In claudin-5P, the number of cholesterol molecules in the lower
leaflet of the ERc membrane is consistently higher than those in the upper leaflet (Fig. S6). The
asymmetric coupling between the two leaflets of the bilayer is a result of lipid composition,
variations in cholesterol interaction with different lipids, the transverse diffusion of cholesterol
or the cholesterol flip-flop.60 Another contributing factor to the lipid asymmetry is the structure
and surface properties of the membrane protein. Adding to the factors that influence the
outcomes of protein palmitoylation, this study demonstrates that both hydrophobicity and the
lipid chain order parameter (Figure 2-3) resulting from the location of the palmitoyl chains when
attached to specific sites of the protein, strongly influence the membrane cholesterol asymmetry.
Palmitoylation impacts protein-protein interactions due to steric factors
The effect of palmitoylation on claudin self-assembly was investigated in conjunction
with increasing membrane complexity in a protein secretory pathway. Previous studies from our
group revealed that several members of the claudin family of proteins have a preference to
associate via four unique cis dimeric interfaces.24,61 These cis dimeric interfaces can be grouped
as asymmetric (Dimer A) and symmetric interfaces (Dimers B, C, and D). Among the symmetric
cis dimers, interfaces B and C are involved in interactions spanning the transmembrane and
extracellular loops; while interface D is mediated through an extracellular loop interaction. These
dimeric interfaces corroborate with multiple experimental reports on biochemical analysis of
claudin proteins.62-65 Additionally, we reported that interfaces D and B are precursors for charge
and size selective tight junction pores, unlike dimer interfaces A and C that form barriers. 25,61
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To determine the role of palmitoylation on tight junction assembly along the secretory
pathway, we performed claudin-5 and claudin-5P self-assembly simulations in the ER, ERc, and
PM model membranes. We observed that as the complexity of the membranes increased the
number of monomers participating in oligomerization diminished (Figures 2-5 and S8−S10). In
ER membrane, the claudin-5 oligomers were well organized into strands but disproportionately
associated with unsaturated lipids (94% contact) despite the saturated to unsaturated lipid ratio of

Figure 2-5. Lower leaflet snapshot of claudin-5 (left panel), claudin-5P (middle panel) and their
normalized protein-lipid contacts (right panel) in (a) ER-mimic, (b) ERc-mimic and (c) PM-mimic
model membranes. Color in left and middle panels: saturated (blue), unsaturated (red), cholesterol
(white) and protein (green); right panel: claudin-5 (green) and claudin-5P (gray). (All p < 0.001)
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1:1. Upon palmitoylation, the association of claudin-5P to unsaturated lipids is reduced (0.95 to
0.81) while the association with saturated lipids is enhanced (0.05 to 0.19); despite the shift, the
overall claudin-5P contact was dominated by the unsaturated lipids (Figures 2-5a and S8). In
ERc membrane, the claudin-5 oligomers were less contiguous, and the number of dimers was
significantly less compared to the ER membrane. Likewise, claudin-5P strands were also
noncontiguous and were anchored at the domain boundaries. Presence of palmitoyl chains did
not rescue the protein-protein interactions observed in the simpler ER mimic. The decrease in
protein-protein contact in the ERc membrane was compensated by enhanced contacts with
saturated lipid and cholesterol (Figures 2-5b and S9), which results in the increase in the
hydrophobic thickness around the protein, evident in Figure 2-3b-ii. In the PM membrane, the
protein-protein association was further reduced to monomers or occasionally dimers in both
claudin-5 and claudin-5P systems (Figures 2-5c and S10). Furthermore, the lipid adaptation
around the proteins is evident in these self-assembly systems with larger membrane patches. The
contact analysis of the protein in these systems (Figure 2-5a−c) shows—increase in cholesterol
and saturated lipid contacts—which is in excellent agreement with the single protein systems
(Figure 2-4-iv).
Two significant aspects of protein-membrane behavior emerge from these simulations,
which have been proposed in the literature.6,14 First, claudin-claudin interactions are weaker than
claudin-lipid interactions because the lipid composition dictates the fate of claudin monomers;
the tendency to oligomerize decreases (ER> ERc> PM) as lipid complexity increases. Second,
although palmitoylation influences the lipid adaptation around the protein, it is incapable of
enhancing lipid mediated protein-protein contact. These two observations can potentially explain
how claudin oligomerization is regulated along the secretory pathway: in that cholesterol
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containing membranes have an innate capacity to inhibit claudin oligomerization and perhaps
assembly into tight junctions may require a chaperoned process, such as interactions with
scaffold proteins.66
The conformational analysis of all claudin-claudin cis dimeric interfaces was performed
for both claudin-5 and claudin5P, irrespective of contiguous or noncontiguous nature of the
strands. The self-assembled claudin interfaces were reverse mapped to all-atom representation
using the approach presented in our earlier work. 61 We then computed the orientation angles (θ
= {x|0 ≤ x ≤ 2π} and θ′ = {x|0 ≤ x ≤ 2π}) between the interacting pair of claudins using
definitions published earlier.61 In the θ and θ′ orientation space, the symmetric dimers (B, C, and
D) appear along the diagonal, and the contours show the probability density of the particular
dimer. The probability of a dimer in the orientation space, marked by square box in Figure 2-6,
was calculated by integrating the probability density in the square region (Table S5).
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In the ER-mimic, the
probability density function of selfassembled strands showed that dimer
interface A and certain nonspecific
interfaces were formed irrespective of
the palmitoylation (Figure 6-i). In case
of claudin-5, we show that dimer C
dominates the symmetry axis, followed
by dimers B and D (claudin-5:
C>B>D). On the other hand, claudin5P’s probability distribution showed a
shift to dimer B, followed by dimers C
and D (claudin-5P: B>C>D). This
increase in dimer B probability
indicates palmitoylation has a direct
influence on the claudin cis assembly.
The shift in dimerization can be
attributed to the presence of a

Figure 2-6. Normalized probability density for claudin5 and claudin-5P in (i) ER-mimic, (ii) ERc-mimic and
(iii) PM-mimic.

palmitoyl chains in the TM4 domain. The PTM chains offer steric hindrance and screening, which
decreases the likelihood of the formation of a stable dimer C interface. In the self-assembly
simulations carried out in ERc-mimics, the number of dimeric interfaces formed were noticeably
less than the ER-mimic (Figure 2-6-ii). Despite the lower dimer population, a subtle shift in the
probability distributions of dimers C and B was still observable. The PM-mimics67 also resulted
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in a limited number of dimeric interface observations during the 10 µs self-assembly simulations,
and an extension to 20 μs did not enhance protein-protein contact. This can be attributed both to
the slow diffusion and to the electrostatic screening from the head groups of gangliosides. The
few interfaces that were observed remained unclassifiable to any of the A–D dimer interfaces
(Figure 2-6-iii).
Even with triplicate runs for all membrane mimics, achieving convergence for all
interacting components, such as protein-protein, protein-lipid, lipid-lipid, in large membrane
systems is debatable. To support and verify the self-assembly data, we performed umbrella
sampling simulations to capture the change in dimer stability upon palmitoylation. Specifically,
we performed umbrella sampling simulations to compute the difference in the free energy of
dimerization of the dimer C interface in claudin-5 and claudin-5P in ER-mimic membrane. The
sampling was performed along the INTER-DRMSD coordinate to capture the residue-level
interactions involved in dimer C formation in both cases (claudin-5 and claudin-5P). Based on
the reverse mapped atomistic structures of the resulting dimers, it was evident that in case of
claudin-5P, the dimer C interface was sterically restricted by the P TM chains. The free energy
curve of claudin-5 along the protein-protein inter-separation distance (ξ) shows a dimer C-like
assembly that is ~0.2 nm RMSD from the reference dimer C structure. The free-energy change
for this assembly is ~92 kJ/mol. On the other hand, claudin-5P can only come within ~0.5 nm
RMSD from the reference dimer C structure, and the free-energy change associated with this
assembly is ~61 kJ/mol. This indicates that palmitoylation caused the dimer C interface to be
unfavorable by ~31 kJ/mol (Figure 2-7). It is well established that interaction energies are
overestimated in the Martini force field68 and rescaling the LJ parameters can aid in correcting
the free-energies of dimerization to match with the experiments. 69 In this work, however, we
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compare the relative stability of dimer C in claudin-5 and claudin-5P, which provides the correct
trend if not the exact value. We therefore conclude that palmitoylation causes dimer C interface
to be less favorable.
The results show that the cis interfaces formed in the self-assembled claudin-5 strands
can be significantly influenced by palmitoylation. The shift in the dimer probability density
distribution from being dimer C dominated in claudin-5 to dimer B dominated in claudin-5P
suggests a close correlation between the change in the protein-protein interaction due to the

Figure 2-7. Potential of mean force curves for dimer C interface formed by claudin-5 (blue) and
claudin-5P (red).
addition of palmitoyl chains and the orientation of interface C. The steric hindrance caused by
PTM chains restricts a closer interaction between TM4 of the claudins involved in the formation
of interface C.
The palmitoyl chains, therefore, can be implicated in the reorganization of populations of
interfaces B and C. In addition, the PMF calculations for dimer interface C show a significant
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gap between the points of interaction of the two claudins in claudin-5 and claudin-5P. The study
clearly shows that presence of palmitoyl chains alters the dimer C formation.
Interactions between membrane proteins are important in several cellular events; previous
studies have implicated palmitoylation in altering many protein interactions.6,70 For example, the
transmembrane protein aquaporin, which facilitates bidirectional water flow across the BBB by
forming square arrays, has been shown to be affected by palmitoylation. An isoform expressed
by the aqp4 gene containing N-terminal cysteines inhibits the formation of square arrays
implying that palmitoylation of the N-terminal cysteines contributes to the alterations in proteinprotein interactions.71 Another study on CD81, a key protein involved in the regulation of
immune response, reported that mutations to juxtamembrane cysteines resulted in reduced cell
surface detection by antibodies.72 In addition, the interactions of CD81 with other known
interacting proteins such as CD-9 were shown to be significantly impaired. It is therefore,
reassuring to observe similar behavior in claudin-5.
The claudin-5 results can also potentially explain the observed effect of palmitoylation in
claudin-14 and claudin-7. Considering that claudin-5 shares high structural and sequence
homology with both claudin-14 and claudin-7, one can argue that by inhibiting certain dimer
conformations, palmitoylation enables claudin-14 to assemble at the tight junctions, whereas in
claudin-7 the same dimer conformation deters claudin-7 assembly into the tight junctions. The
results can be extended to explain similar behavior observed by Seno et al. where GPCRs were
observed to co-localize and dimerize in the lipid rafts only upon palmitoylation. 73
Relevance of the current work to BBB
The current study demonstrates the ability of palmitoylation in shifting the stability of
claudin-5 dimeric interfaces, which we believe would have significant impact in altering the tight
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junction permeability. Furthermore, the results show palmitoylation affects protein assembly in
membranes devoid of cholesterol (ER-mimic). It is well-established that a subset of DHHC
palmitoyl transferase enzymes that regulate protein palmitoylation are ER resident.74 Prior
reports of claudin-14 and -7 tight junctions suggest a putative mechanism of tight junction cis
assembly that occurs in the ER.6,7 Evidence showcasing the ability of claudin-5 to form large
scale assembly such as the multi-lamellar bodies75 within a single cell. Together these
observations lend credence to the hypothesis that claudin cis assembly occurs in the ER
membrane.
The ability to alter claudin-5 assembly coupled with the dynamical and reversible nature
of palmitoylation presents a promising gateway to achieve better drug targeting to the brain. The
BBB is a highly selective interface safeguarding the brain by preventing foreign chemical
entities from gaining access to the brain.5 An intact BBB is crucial for brain function; several
pathological conditions such as multiple sclerosis, hypoxia, ischemia and several infections, have
been reported to result from an impaired BBB 5,76,77. Despite the significance of the BBB, it
poses a challenge to the design of neurotherapeutics since it also regards drug molecules to be
foreign entities and does not allow their diffusion into the brain. More than 98% of small
molecule drugs have been rendered incapable of penetrating the BBB interface,78 which makes it
imperative to investigate methods to overcome the BBB without compromising its barrier
functions. This work is an effort in the direction of modulating the tight junctions by elucidating
the role of palmitoylation in claudin-5 cis assembly in cellular and sub-cellular membrane
environments.
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Conclusions
In this study, we present the biochemical impact of palmitoylation on claudin-5, an
integral membrane protein that is critical to controlling the charge and size selectivity of the
BBB tight junctions. Using atomistic and coarse-grained molecular simulations we elucidate the
change in lipid adaptation for claudin-5, which has two palmitoylation locations—PCL site in
cytosolic domain and PTM site in the transmembrane helix. The two palmitoylation sites
generated a site-specific response towards the membrane lipids; PCL chains showed higher
affinity towards cholesterol and saturated lipids compared to PTM chains. The lipid adaptation of
the palmitoylated claudin-5 can mechanistically explain previous reports of tight junctions being
associated with detergent-resistant saturated-lipid nanodomains. Examining the influence of lipid
complexity along the secretory pathway, i.e., in ER, ERc, and PM model membranes, showed
partitioning of the protein at the domain boundary and the display of higher affinity to
cholesterol in the ERc and PM membrane models. Furthermore, palmitoylation
disproportionately enhanced cholesterol in the lower leaflet of the membranes that leads to a
stabilizing interaction between the protein residues and cholesterol. This altered distribution of
an important raft component can help explain how upon palmitoylation many membrane proteins
are targeted to the raft domains. The impact of palmitoylation on claudin-5 self-assembly was
evident in the ER-mimic membrane that was constituted by saturated and unsaturated lipids only.
The steric screening of palmitoyl chains in the ER-mimic membrane resulted in a shift in the
distribution of claudin-claudin dimeric interactions from barrier-forming dimer C interface to
pore-forming dimer B interface. Limited oligomerization was observed in the ERc and PM
membranes owing to higher claudin affinity to the cholesterol in these membranes. In summary,
we demonstrate that palmitoylation impacts claudin-lipid and claudin-claudin interactions along
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its secretory pathway and its role in the blood-brain barrier. Overall, this study contributes to the
growing body of research focused on understanding the significance of post-translational lipid
modification of proteins in cellular and subcellular membranes and its impact on critical cellular
functions.
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Supporting Information
Anton input ark file, coarse grain mapping for palmitoyl chain, optimizing the Martini lipid
parameters, umbrella sampling–replica exchange, methods and analysis, RMSD of claudin-5P,
RMSF of claudin-5 and claudin-5P, time evolution of normalized lipid-lipid contacts, time
evolution of normalized PCL and PTM contacts, radial distribution functions, upper and lower
leaflet normalized protein-lipid contacts, leaflet asymmetry in ERc membrane for claudin-5 and
claudin-5P, self-assembly snapshots in different membranes, List of lipids used, normalized
contact matrix in different membranes, integrated probability distribution function for dimers.
S1. Anton input ark file
anton {
chem {
average_dispersion_type = "auto"
}
tune {
last_time = "10000000"
# ps (multiple of trajectory interval)
machine_size = ["4" "4" "8"] # 126-node PSC machine
optional {
ConstraintThreshold = "0.02"
}
trajectory {
interval = "500" # ps (multiple of dt*barostat.interval)
}
}
}
boot {
file = "/anton2fs/raw/nrajagop/dppc-dopc-chol-c1/workdir.2/Psys_out.dms"
}
integrator {
Multigrator {
barostat {
MTK {
T_ref = "295.15"
tau = "0.0416667"
thermostat {
NoseHoover {
chain {
mts = "4"

45

tau = ["0.0416667" "0.0416667" "0.0416667"]
}
}
type = "NoseHoover"
}
}
interval = "480" # barostat interval in timesteps
type = "MTK"
}
thermostat {
NoseHoover {
chains = [{
mts = "1"
tau = [".0416667" ".0416667" ".0416667"]
}]
use_molecular_ke = "true"
}
interval = "24" # thermostat interval in timestep
type = "NoseHoover"
}
}
dt = "0.0025"
pressure {
isotropy = "semi_isotropic"
p_ref = "1.0"
tension_ref = ["0." "0." "0." "0." "0." "0." "0." "0." "0."]
}
remove_com_motion = "true"
respa {
bonded_interval = "1"
nonbonded_far_interval = "3"
nonbonded_near_interval = "1"
}
temperature = [{
T_ref = "295.15"
}]
type = "Multigrator"
}

All Anton2 simulations were performed using CHARMM 36m force field. Temperature of
295.15 K and semi-isotropic pressure coupling at 1 bar were maintained using multigrator
integrator with a coupling constant of 0.0416667 ps. 1 The simulations were run at 2.5 fs time
step. Short range electrostatic forces were calculated at every time step. Long range electrostatics
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were computed by the u-series method employed by Anton2. The u-series method uses an
approximation for 1/r at long ranges by computing the sum of series of Gaussians of increasing
width.2 The u-series method has been discussed in detail in Anton2 paper. 3
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S2. MARTINI model for Palmitoyl chain
The palmitoyl chains were CG mapped using P5, Na and C1 beads based on Martini_v2.2 force
field4-6 definitions as shown below. The 16C lipid tail was mapped into 4 C1 beads, identical to
the 16C palmitic lipid tails represented in Martini models.

[ atoms ]
1

P5 104 CYP

BB

211 0.0000 ;

2

Na 104 CYP SC1 212 0.0000 ;

3

C1 104 CYP SC2 213 0.0000 ;

4

C1 104 CYP SC3 214 0.0000 ;

5

C1 104 CYP SC4 215 0.0000 ;

6

C1 104 CYP S5C 216 0.0000 ;

[ bonds ]
1 2

1 0.30000 7500; CYP

2 3

1 0.39000 5000; CYP

3 4

1 0.47000 1250; CYP

4 5

1 0.47000 1250; CYP

5 6

1 0.47000 1250; CYP

[ angle ]
1 2 3

2

135

25; CYP

2 3 4

2

145

25; CYP

3 4 5

2

180

25; CYP

4 5 6

2

180

25; CYP
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S3. Optimizing the MARTINI lipid parameters
Martini_v2.2

This work

DOPC: One C3 bead per tail

DOPC: Two C3 beads per tail

C3-C1 interaction: intermediate (eps=3.5)

C3-C1 interaction: almost intermediate (eps=3.1)

Test run were performed to achieve an optimal phase separating membrane lipids. Although
DPPC:DIPC:CHOL membrane showed phase segregation, there was a hard phase-separation
boundary. In order to achieve smoother phase boundaries, a hybrid model between dilinoleoyl
and dioleoyl was used for the simulations in this work, where the lipid tails retained the bond
angles corresponding to the DOPC model while two of the tail beads were adjusted to C3 beadtypes and the simulations were carried out with the adjusted C3-C1 LJ interaction parameter.
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S4. Umbrella sampling–Replica Exchange
The DRMSD collective variable has been extensively discussed in the reference. 7 We chose 24
umbrella windows, spaced between 0.0 to 4.0 nm. A 200 kJ/mol harmonic constraint was applied
in each window. Additionally, angle restraints were added to preserve the dimer C orientation
with a 1000 kJ/mol energy penalty. Similar to the approach reported by Domanski et al., we
employed a replica exchange scheme where the adjacent windows were allowed to exchange
coordinates, where the exchanges were evaluated using the Boltzmann criterion, and the
exchanges were accepted upon Metropolis criterion. Exchanges were attempted at every 10000
steps. The simulations proceed from the point where claudin-5 monomers were not interacting at
4.0 nm and move towards the dimer C conformation in the reference structure. The resulting
trajectories were demuxed using demux.pl script and the trajectories were combined. The
resulting trajectory was reweighted to factor in the bias added due to the angle restraints the 1D
PMF along the DRMS coordinate was then computed using the WHAM tool.

The simulations were carried out in GROMACS 2016 patched with PLUMED v2.3.2. The
plumed data file is as follows:
WHOLEMOLECULES STRIDE=1 ENTITY0= CHAIN A ATOM... ENTITY1= CHAIN B ATOMS...
#COM of Molecules
a: COM ATOMS= CHAIN A ATOMS... NOPBC
b: COM ATOMS= CHAIN B ATOMS... NOPBC
t1: COM ATOMS= CHAIN A TM1 ATOMS... NOPBC
t2: COM ATOMS= CHAIN A TM1 ATOMS... NOPBC
#Secondary Variables
ce: POSITION ATOM=a NOPBC
d_ab: DISTANCE ATOMS=a,b NOPBC
pab: DISTANCE ATOMS=a,b COMPONENTS NOPBC
pba: DISTANCE ATOMS=b,a COMPONENTS NOPBC
pat1: DISTANCE ATOMS=a,t1 COMPONENTS NOPBC
pbt2: DISTANCE ATOMS=b,t2 COMPONENTS NOPBC
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#dimer Angle Calculation using Matheval
MATHEVAL ...
LABEL=ta
ARG=pab.x,pab.y,pat1.x,pat1.y
VAR=v1x,v1y,v2x,v2y
FUNC=acos((v1x*v2x+v1y*v2y)/sqrt((v1x*v1x+v1y*v1y)*(v2x*v2x+v2y*v2y)))
PERIODIC=NO
... MATHEVAL
MATHEVAL ...
LABEL=tb
ARG=pba.x,pba.y,pbt2.x,pbt2.y
VAR=v1x,v1y,v2x,v2y
FUNC=acos((v1x*v2x+v1y*v2y)/sqrt((v1x*v1x+v1y*v1y)*(v2x*v2x+v2y*v2y)))
PERIODIC=NO
... MATHEVAL
#Angle Restraint
ang_t: RESTRAINT ARG=ta,tb AT=1.36,1.36 KAPPA=1.0e3,1.0e3
#DRMSD CV
drms: DRMSD REFERENCE=REFERENCE.pdb LOWER_CUTOFF=0.1 UPPER_CUTOFF=0.6
TYPE=INTER-DRMSD
#Restraint for the umbrella window
rest: RESTRAINT ARG=drms AT=0.0 KAPPA=2.0e2
PRINT STRIDE=1000 ARG=ta,tb,t.bias,t.force2,d_ab,drms,rst.bias,rst.force2 FILE=COLVAR
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S5. Methods and Analysis
•

Root mean squared deviation of protein: The RMSD of protein in all-atom simulation was
computed using gromacs tool “gmx rms” for 190 residues.

•

Membrane hydrophobic thickness. Membrane hydrophobic thickness maps were generated
using g_thickness8 tool by calculating the perpendicular distance between GL1, GL2 beads in
both leaflets.

•

Lipid order parameter.
Atomistic: The lipid order parameter of the palmitoyl chain was calculated using gromacs
utility “gmx order” by grouping the carbon atoms of individual palmitoyl chains.
S=

3
1
〈cos 2 θ〉 −
2
2

where θ is the angle between the z-axis of the simulation box and the molecular axis under
consideration. The molecular axis is computed as the vector from Cn-1 to Cn+1.
CG: g_ordercg8 tool was used to obtain lipid order parameter map over the membrane
surface for both the leaflets of the bilayer separately.
•

Normalized contact. The protein affinity towards different lipid species in a membrane were
evaluated by obtaining their normalized contacts with the protein. The GL1 and GL2 beads
from phospholipids, AM1 and AM2 beads from sphingolipids and ROH bead from
cholesterol were used to count the contacts made with protein surface. Any lipid bead within
11 A˚ cut-off distance from the protein backbone bead was treated as a contact. The
normalization was done using the following formula:

𝑝𝑖𝑗 =

𝐶𝑖𝑗 ⁄𝑛𝑗
Σ 𝐶𝑖𝑘 ⁄𝑛𝑘

52

where
pij :normalized contacts formed by species j with species i
Cij

:total number of contacts formed by species j with species i

nj :total number of species j present in the system.
a) Atomistic system: The normalized contacts of the palmitoyl chains with the
surrounding lipids were computed by assigning the C atoms of the palmitoyl chains to
be the i th species group.
b) CG system: The normalized contacts of protein with the surrounding lipids were
calculated by assigning the backbone (BB) beads of the protein as the i th species
group.
•

Protein-lipid interaction stability: The Lennard-Jones (LJ) nonbonded interaction energy of
each amino acid with the surrounding lipid species was obtained by defining “energygrps” in
mdp options. Using an in-house python script, the difference in the LJ interaction energies of
each amino acid in claudin-5P and claudin-5 was computed, as follows:
∆𝐸𝑖𝑘 = ∑(𝐸𝑖𝑗𝑘 ) − ∑ 𝐸𝑖𝑗𝑘
𝑃

𝑗

𝑗

where,
(𝐸𝑖𝑗𝑘 ) : LJ interaction energy between ith amino acid residue of claudin-5P and jth molecule
𝑃

of kth lipid species.
𝐸𝑖𝑗𝑘 : LJ interaction energy between ith amino acid residue of claudin-5 and jth molecule of kth
lipid species.
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If, ∆𝐸𝑖𝑘 is positive, interaction of the ith residue with k lipid species is less favorable in the
claudin-5P
∆𝐸𝑖𝑘 is negative, interaction of the ith residue with k lipid species is favorable in the claudin5P
The ∆𝐸𝑖𝑘 calculation were performed for three lipids species (k): DPPC, DOPC, and CHOL.
•

Cholesterol binding probability: Each amino acid residue in the equilibrated CG system was
tracked for cholesterol contact, where a cholesterol molecule was said to be in contact if it
occurred within a radius of 11 Å around the amino acid residue under consideration. The
number of time steps cholesterol was found in contact with an amino acid was counted. This
number was divided by the total number of time steps used for the analysis to obtain the
probability of finding cholesterol next to each amino acid. This probability for each amino
acid for claudin-5 and claudin-5P systems was then plotted to show the enhancement of
cholesterol residence probability on palmitoylation.

•

Scaling of hydrophobic thickness: The values plotted on the hydrophobic thickness plots
shown in Figure 2-3 (a-c)-ii, were scaled between 0 and 1 as:
𝑙𝑠𝑐𝑎𝑙𝑒𝑑 =

𝑙 − 𝑙𝑚𝑖𝑛
𝑙𝑚𝑎𝑥 − 𝑙𝑚𝑖𝑛
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Figure S1. Root mean square deviation (RMSD) of Claudin-5P (amino acid residues 1-190)

SI Figure 2-1. Root mean square deviation (RMSD) of Claudin-5P (amino acid residues 1-190)
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Figure S2. Root mean square fluctuation (RMSF) of each amino acid in claudin-5 (black)
and claudin-5P (red). The RMSF values were computed for the equilibrated atomistic
structures over 0.5 microseconds.

SI Figure 2-2. Root mean square fluctuation (RMSF) of each amino acid in claudin-5 (black)
and claudin-5P (red).
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Figure S3. Time evolution of normalized lipid-lipid contacts in atomistic ERc systems over
the entire trajectory (10 µs). Color scheme: DPPC-DPPC (red), DPPC-DOPC (blue) and
DPPC-cholesterol (gray).

SI Figure 2-3. Time evolution of normalized lipid-lipid contacts in atomistic ERc systems
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Figure S4. Time evolution of normalized (a) PCL and (b) PTM contacts with saturated (red),
unsaturated (blue) and cholesterol (gray) in ERc membrane for the entire trajectory (10
µs) in atomistic systems.

SI Figure 2-4. Time evolution of normalized (a) PCL and (b) PTM contacts with
saturated (red), unsaturated (blue) and cholesterol (gray) in ERc membrane
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Figure S5. Radial distribution function of (a) P CL in claudin-5 and (b) claudin-5P; and (c)
PTM in claudin-5 and (d) claudin-5P. Color scheme: DPPC (red), DOPC (blue) and CHOL
(gray).

SI Figure 2-5. Radial distribution function of (a) PCL in claudin-5 and (b) claudin-5P; and (c)
PTM in claudin-5 and (d) claudin-5P.
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Figure S6. Normalized protein-lipid contact in upper and lower (hatched, L) leaflets, for claudin-5 (green) and claudin-5P
(gray) for single protein in (a) ER-mimic, (b) ERc-mimic, and (c) PM-mimic; and in self-assembled proteins in (d) ER-mimic,
(e) ERc-mimic, and (f) PM)-mimic.

SI Figure 2-6. Normalized protein-lipid contact in upper and lower (hatched, L) leaflets, for claudin-5 (green) and claudin-5P (gray)
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Figure S7. Leaflet asymmetry in ERc membrane for claudin-5 (green) and claudin-5P (gray). Number of cholesterol molecules
in the upper (dashed line) and the lower (solid line) leaflets, within 4 nm radius around claudin-5 and claudin-5P over the
duration of the 20 µs trajectory.

SI Figure 2-7. Leaflet asymmetry in ERc membrane for claudin-5 (green) and claudin-5P (gray)
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Figure S8. Snapshot (top view) of the equilibrated lower leaflet of (a) claudin-5 and (b) claudin-5P assembly in ER-mimic.
Color scheme: saturated (blue), unsaturated (red) and protein (green).

(a)

(b)

SI Figure 2-8. Snapshot (top view) of the equilibrated lower leaflet of (a) claudin-5 and (b) claudin-5P assembly in ER-mimic
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Figure S9. Snapshot (top view) of the equilibrated lower leaflet of (a) claudin-5 and (b) claudin-5P assembly in ERc-mimic.
Color scheme: saturated (blue), unsaturated (red) and cholesterol (white) and protein (green).

(a)

(b)

SI Figure 2-9. Snapshot (top view) of the equilibrated lower leaflet of (a) claudin-5 and (b) claudin-5P assembly in ERc-mimic
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Figure S10. Snapshot (top view) of the equilibrated lower leaflet of (a) claudin-5 and (b) claudin-5P assembly in PM-mimic.
Color scheme: saturated (blue), unsaturated (red) and cholesterol (white) and protein (green).

(a)

(b)

SI Figure 2-10. Snapshot (top view) of the equilibrated lower leaflet of (a) claudin-5 and (b) claudin-5P assembly in PM-mimic
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Table S1. Detailed list of lipids used in the PM-mimic membrane6,9
SI Table 2-1. List of lipids in PM mimic membrane
Lipid

Head groups

Tails and saturation
C16:0 dipalmitoyl (DPPC)

PC

Phosphatidylcholine
C18:0 dioleoyl (DOPC)
C16:0 dipalmitoyl (DPPE)

PE

Phosphatidylethanolamine
C18:0 dioleoyl (DOPE)
C16:0 dipalmitoyl (DPPS)

PS

Phosphatidylserine
C18:0 dioleoyl (DOPS)
C16:0 dipalmitoyl (DP-PIP2)

PI

Phosphatidylinositol
C18:0 dioleoyl (DO-PIP2)

SM

Sphingomyelin

C(d18:1/18:0) N-stearoyl-D-erythro

GM

monosialotetrahexosylganglioside

C(d18:1/18:0) N-stearoyl-D-erythro

CHOL Cholesterol

-
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Table S2: Normalized contact matrix for all the species in ER-mimic in the upper (UL) and lower leaflet (LL). Values
corresponding to the normalized contact of the same ij pair in claudin-5 and claudin-5P systems showing higher (red) and
lower (blue) contact values.
SI Table 2-2. Normalized contact matrix for all the species in ER-mimic in the upper (UL) and lower leaflet (LL)
Claudin-5

Claudin-5P

UL
Protein
DPPC
DOPC

DPPC
0.053 ± 0.064
0.781 ± 0.019
0.234 ± 0.019

DOPC
0.947 ± 0.064
0.219 ± 0.019
0.766 ± 0.019

DPPC
0.07 ± 0.08
0.779 ± 0.019
0.234 ± 0.02

DOPC
0.93 ± 0.08
0.221 ± 0.019
0.766 ± 0.02

LL
Protein
DPPC
DOPC

DPPC
0.082 ± 0.084
0.784 ± 0.021
0.231 ± 0.021

DOPC
0.918 ± 0.084
0.216 ± 0.021
0.769 ± 0.021

DPPC
0.186 ± 0.125
0.779 ± 0.018
0.235 ± 0.018

DOPC
0.814 ± 0.125
0.221 ± 0.018
0.765 ± 0.018

66

Table S3: Normalized contact matrix for all the species in ERc-mimic in the upper (UL) and lower leaflet (LL). Values
corresponding to the normalized contact of the same ij pair in claudin-5 and claudin-5P systems showing higher (red) and
lower (blue) contact values.
SI Table 2-3. Normalized contact matrix for all the species in ERc-mimic in the upper (UL) and lower leaflet (LL)
Claudin-5
UL
Protein
DPPC
DOPC
CHOL

DPPC
0.034
0.621
0.149
0.346

LL
Protein
DPPC
DOPC
CHOL

DPPC
0.1
0.62
0.149
0.343

±
±
±
±

±
±
±
±

0.042
0.018
0.02
0.023

DOPC
0.597
0.118
0.732
0.125

0.073
0.018
0.019
0.024

DOPC
0.476
0.117
0.737
0.117

±
±
±
±

±
±
±
±

Claudin-5P

0.133
0.017
0.03
0.02

CHOL
0.368 ±
0.261 ±
0.119 ±
0.529 ±

0.186
0.017
0.028
0.019

CHOL
0.424 ±
0.263 ±
0.115 ±
0.539 ±

0.128
0.018
0.018
0.024

DPPC
0.036
0.62
0.15
0.341

0.181
0.018
0.017
0.023

DPPC
0.15
0.628
0.145
0.341

±
±
±
±

±
±
±
±

0.046
0.019
0.018
0.022

DOPC
0.583
0.121
0.733
0.125

0.088
0.019
0.016
0.023

DOPC
0.362
0.113
0.746
0.112

±
±
±
±

±
±
±
±

0.126
0.017
0.027
0.02

CHOL
0.381 ±
0.258 ±
0.117 ±
0.533 ±

0.125
0.018
0.017
0.024

0.154
0.015
0.025
0.019

CHOL
0.488 ±
0.259 ±
0.109 ±
0.548 ±

0.148
0.017
0.017
0.024
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Table S4: Normalized contact matrix for all the species in PM-mimic in the upper (UL) and lower leaflet (LL). Values
corresponding to the normalized contact of the same ij pair in claudin-5 and claudin-5P systems showing higher (red) and
lower (blue) contact values.
SI Table 2-4. Normalized contact matrix for all the species in PM-mimic in the upper (UL) and lower leaflet (LL)
Claudin-5

UL
Protein
sat
unsat
CHOL
DPSM
DPG1

sat
0.021
0.36
0.108
0.215
0.203
0.174

LL
Protein
sat
unsat
CHOL
DPSM
DPG1

sat
0.026
0.638
0.125
0.346
0
0

±
±
±
±
±
±

±
±
±
±
±
±

0.018
0.014
0.012
0.014
0.013
0.015

unsat
0.249
0.09
0.477
0.105
0.106
0.144

0.037
0.018
0.014
0.022
0
0

unsat
0.542
0.094
0.778
0.095
0
0

±
±
±
±
±
±

±
±
±
±
±
±

0.068
0.011
0.024
0.014
0.013
0.018

CHOL
0.16 ±
0.14 ±
0.083 ±
0.338 ±
0.115 ±
0.091 ±

0.182
0.012
0.023
0.02
0
0

CHOL
0.432 ±
0.268 ±
0.097 ±
0.559 ±
0
±
0
±

0.07
0.01
0.01
0.021
0.012
0.011

DPSM
0.048 ±
0.213 ±
0.135 ±
0.185 ±
0.379 ±
0.183 ±

0.183
0.018
0.018
0.022
0
0

DPSM
0
±
0
±
0
±
0
±
0
±
0
±

0.039
0.012
0.015
0.016
0.018
0.016

DPG1
0.522
0.197
0.197
0.157
0.197
0.408

±
±
±
±
±
±

0.086
0.015
0.019
0.017
0.017
0.018

0
0
0
0
0
0

DPG1
0
0
0
0
0
0

±
±
±
±
±
±

0
0
0
0
0
0
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Claudin-5P
UL
Protein
sat
unsat
CHOL
DPSM
DPG1

sat
0.042
0.354
0.109
0.21
0.204
0.181

LL
Protein
sat
unsat
CHOL
DPSM
DPG1

sat
0.058
0.641
0.133
0.335
0
0

±
±
±
±
±
±

±
±
±
±
±
±

0.032
0.015
0.012
0.013
0.012
0.015

unsat
0.274
0.09
0.487
0.103
0.102
0.138

0.051
0.018
0.02
0.025
0
0

unsat
0.467
0.102
0.766
0.102
0
0

±
±
±
±
±
±

±
±
±
±
±
±

0.092
0.01
0.024
0.014
0.013
0.016

CHOL
0.189 ±
0.136 ±
0.081 ±
0.339 ±
0.115 ±
0.092 ±

0.165
0.017
0.03
0.019
0
0

CHOL
0.475 ±
0.257 ±
0.101 ±
0.564 ±
0
±
0
±

0.07
0.01
0.011
0.018
0.01
0.011

DPSM
0.029 ±
0.215 ±
0.131 ±
0.187 ±
0.384 ±
0.181 ±

0.174
0.019
0.018
0.025
0
0

DPSM
0
±
0
±
0
±
0
±
0
±
0
±

0.026
0.011
0.015
0.015
0.017
0.015

DPG1
0.466
0.205
0.191
0.161
0.195
0.409

±
±
±
±
±
±

0.095
0.015
0.018
0.016
0.015
0.018

0
0
0
0
0
0

DPG1
0
0
0
0
0
0

±
±
±
±
±
±

0
0
0
0
0
0
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Table S5. The probability for dimer A, B, C, and D formation obtained by integrating the probability distribution function in
Figure 6 (main article).
SI Table 2-5. The probability for dimer A, B, C, and D formation obtained by integrating the probability distribution function

Probablity
P(A)
P(B)
P(C)
P(D)

ER Membrane
CLD-5
CLD-5P
0.169
0.149
0.040
0.059
0.061
0.044
0.060
0.043

ERc Membrane
CLD-5
CLD-5P
0.142
0.068
0.018
0.049
0.030
0.026
0.022
0.032

PM Membrane
CLD-5
CLD-5P
0.187
0.103
0.046
0.034
0.015
0.005
0.005
0.030
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3. CHAPTER-3: OBTAINING PROTEIN ASSOCIATION
ENERGY LANDSCAPE (PANEL) FOR INTEGRAL
MEMBRANE PROTEINS
Reprint with permission from “Rajagopal, N.; Nangia, S. Obtaining Protein Association Energy
Landscape for Integral Membrane Proteins. J. Chem. Theory Comput. 2019, 15 (11), 6444–
6455. https://doi.org/10.1021/acs.jctc.9b00626.” Copyright (2019) American Chemical Society.
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Abstract
Integral membrane proteins are ubiquitous in biological cellular and subcellular
membranes. Despite their significance to cell function, isolation of membrane proteins from their
hydrophobic lipid environment and further characterization remains a challenge. To obtain
insights into membrane proteins, computational approaches such as docking or self-assembly
simulations have been used; however, the promise of these approaches have been limited due to
the computational cost. Here we present a new approach called Protein AssociatioN Energy
Landscape (PANEL) that provides an extensive and converged data set for all possible
conformations of membrane protein associations using a combination of stochastic sampling and
equilibration simulations. The PANEL method samples the rotational space around both
interacting proteins to obtain the comprehensive interaction energy landscape. We demonstrate
the versatility of the PANEL method using two distinct applications: (a) dimerization of claudin5 tight junction proteins in phospholipid bilayer membrane and (b) dimer and trimer formation of
the Outer membrane protein F (OmpF) in the lipopolysaccharide-rich bacterial outer membrane.
Both applications required only a fraction of simulation cost compared to self-assembly
simulations. The method is robust as it can capture changes in protein-protein conformations
caused by point mutations. Moreover, the method is versatile and independent of the molecular
resolution (atomistic or coarse grain) or the choice of force field employed to compute the pairinteraction energies. The PANEL method is implemented in easy-to-use scripts that are available
for download for general use by the scientific community to characterize any pair of interacting
integral membrane proteins.
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Introduction
Integral membrane proteins represent a signification proportion of the proteome, and they
occupy 30-50% of the surface area of a typical mammalian cell membrane.1 They perform vital
cellular functions such as signal transduction,2-7 particulate transport,8-14 enzymatic activity,15-17
and cell-cell adhesion,18-27 among others. The membrane proteins employ their hydrophobic and
hydrophilic segments to weave through the lipids via single28-32 or multiple membrane-spanning
α-helices33-35 or wrap their β-sheets into barrel-shaped structures11,36-38 to stabilize themselves in
the lipid bilayer. Additionally, membrane protein associate with each other through specific 18,3944

and non-specific45-51 interactions mediated by the biochemically complex lipid membrane

components.52,53
The clinical significance of protein-protein interactions in several disease pathologies has
motivated the targeting of such protein contacts for drug design.54-57 However, when interacting
proteins are embedded in cell membranes, deciphering their mechanisms of action at the
molecular or atomistic levels, essential for rational drug design, has been impeded.58
Experimental isolation and the characterization of membrane proteins’ interactions is often
untenable because their highly hydrophobic nature makes them inherently insoluble. 59 To
address this challenge, computational methods have emerged to predict protein association using
molecular docking and molecular dynamics simulations at both atomistic and coarse-grained
resolutions.60,61
Several protein association studies using molecular dynamics (MD) have been reported,
where the proteins are simulated in complex lipid bilayers and solvent environment to mimic the
physiological conditions.62-65 A popular MD approach is to simulate large patches (tens of
nanometers) of complex lipid bilayers with multiple proteins over extended periods of time
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(µs).61-69 The protein association behavior is observed by allowing the molecules in the system to
self-assemble, most commonly at coarse-grained (CG) resolution using the MARTINI force-field
for biomolecules.70-72 Some notable work using a MD approach include the study of the
dimerization of glycophorin-A (GpA),73 a small protein with single transmembrane (TM) helix;
the dimerization of large proteins with multiple TM helix domains such as G protein-coupled
receptors (GPCRs);63,74 and the claudin family of tight junction proteins in membrane
environments of varying lipid compositions. 75-77
Advances in parallel computing workflow have enabled ensemble-based MD approaches
that use multiple parallel systems to retrieve large sets of data. For example, Sidekick uses a
coarse grained molecular dynamics (CGMD) simulation setup to predict the probability of TM–
helix insertion into lipid bilayer,78 which is important since the lipid environment significantly
impacts membrane protein association. Further, this method also quantifies helix interactions
based on the frequency of the amino acid contact matrix obtained from the ensemble data.
Closely related to this approach is the ensemble-based helix-helix interactions approach put forth
by Altwaijry et al. specifically for GPCR interactions,79 which quantifies helix interactions using
amino acid contact matrices generated using distances between them. Another high throughput
method, Docking Assay for Transmembrane components (DAFT) 80 focuses on generating
multiple unbiased and noninteracting initial configurations with optimal periodic boundary
conditions and allowing them to self-assemble over time.
Despite rapid advances in ensemble-based investigations of protein association, the
quantification of protein-protein association is often been based on final protein dimer
populations, their interaction distances or contact mapping. However, such populations are
subject to high degrees of uncertainty as they are based on the method used to determine
86

convergence. These issues raise the question—Is the self-assembled protein-protein population
in an MD simulation fully representative of protein association at equilibrium? At what timescale
in the MD simulation does the population converge? In this work, our goal was to generate an
exhaustive set of protein-protein association conformations and energy profile using a standard
set of quantification parameters to overcome the shortcomings of the simulation process outlined
above.
To achieve this goal, we explored the rotational space around both interacting membrane
proteins: Protein P1 (0−360°) and Protein P2 (0−360°). The P1-P2 orientations were generated
from multiple initial configurations with protein dimers within the van der Waal’s interaction
radius. Further, we quantified the stability of each resulting protein-protein association using
their non-bonded interaction energies to generate a potential energy profile for all orientations
regardless of their likelihood of formation. Because each orientation is independently and
uniformly generated, the need for high energy to overcome barriers in the potential energy
landscape is eliminated. Low potential energy stable conformations are often unachievable
through self-assembly MD simulations of membrane proteins due to several factors such as lipidprotein interactions and a subsequent masking effect of lipids around the proteins, slow diffusion
of the proteins in the membrane milieu that tends to dominate in membrane with higher lipid
complexity, lack of sufficient number of proteins and adequate simulation length to capture
significant populations of thermodynamically preferred configurations over kinetically favored
configurations. The method discussed in this work allowed us to study not only such low
potential energy, stable conformations that are often unachievable in self-assembly MD, but also
explore high potential energy conformations that lack favorable pairwise residue interactions.
These attributes render the method, called Protein Association Energy Landscape (PANEL),
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robust and comprehensive in performing exhaustive sampling of the association space of any
given set of proteins or transmembrane entities, and make the method independent of the
limitations of a specific force field of choice.

Protein Association Energy Landscape (PANEL): Theoretical Development
The PANEL method captures the pair-interaction energies for an extensive set of
transmembrane proteins’ conformations. The goal of the approach is to sample the rotational
space around each interacting protein (Figure 3-1a) and obtain an extensive data set of possible
pair conformations using a combination of stochastic sampling and equilibration simulations. To
accomplish this, we generated a set of initial or seed geometries {𝑆𝑖 : 𝑖 = 1, ⋯ , 𝑁} each
comprising of a pair of proteins (P1 and P2) randomly oriented in the rotational space (𝜃, 𝜃 ′ ),
where 𝜃 ∈ {0, 360° } and 𝜃 ′ ∈ {0, 360° }. Further, the initial rotational space (𝜃, 𝜃 ′ ) is divided in
equal, non-overlapping segments Ω𝑖 , where 𝑖 = 1, ⋯ , 𝑁Ω (Figure 3-1b). To achieve uniform
stochastic distribution of the conformation space, we required the selection of 𝑁⁄𝑁Ω random
seed configuration in each Ω𝑖 segment.

88

Figure 3-1. Theoretical framework of the PANEL method. (a) Protein rotational angle
convention (b) grid spacing approach of the rotational space (c) stochastic sampling
technique to generate equilibrium dimer conformations.
The proteins were placed within an interacting distance (𝑑𝑠 ) and embedded in the lipid
membrane. The distance (𝑑𝑠 ) was selected such that the two proteins are placed within their van
der Waal’s radius to minimize the effect of diffusion of proteins in the membrane on
dimerization. Each seed geometry, 𝑆𝑖 , then underwent a short MD simulation without constraints
to yield a set of equilibrium conformations {𝑅𝑗 : 𝑗 = 1, ⋯ , 𝑀}. All 𝑁 seed configurations were
run independently and in parallel to yield a set of 𝑁 × 𝑀 configurations {𝑅𝑘 ; 𝑘 = 1, ⋯ , 𝑁 × 𝑀}
(Figure 3-1c). The non-bonded interaction energy 𝐸𝑗 was computed for each equilibrium
conformation 𝑅𝑗 . The 𝜃𝑘 and 𝜃𝑘′ angles and the corresponding 𝐸𝑘 is computed by summing over
nonbonded interaction potential energy 𝑉𝑖𝑗nb between the P1 and P2 proteins.
𝐸𝑘 (𝜃𝑘 , 𝜃𝑘′ ) = ∑𝑖∈P1 ∑𝑗∈𝑃2 𝑉𝑖𝑗nb (𝑅𝑘 ).

(1)
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The calculation is performed for {𝑅𝑘 ; 𝑘 =
1, ⋯ , 𝑁 × 𝑀} conformations that yield the PANEL
{𝜃𝑘 , 𝜃𝑘′ , 𝐸𝑘 } data set.
For analysis, the PANEL rotational space is
binned into 𝑁𝑏𝑖𝑛 along each of the two 𝜃 and 𝜃 ′ angles
to generate a two dimensional (𝑁bin × 𝑁bin ) grid. For
each grid, the contour plots for minimum energy and
frequency were calculated.
𝐸𝑚𝑖𝑛 (𝑖𝑏𝑖𝑛 , 𝑗𝑏𝑖𝑛 ) = min𝑘∈𝑖𝑏𝑖𝑛 ,𝑗𝑏𝑖𝑛 𝐸𝑘 (𝜃, 𝜃𝑘′ )

(2)

where 𝑖𝑏𝑖𝑛 , 𝑗𝑏𝑖𝑛 = 1, 2, … . , 𝑁𝑏𝑖𝑛 .
PANEL Workflow
The PANEL workflow starts with coarse
graining the atomistic structure of the integral

Figure 3-2. PANEL workflow

membrane protein followed by system setup, production, results, and analysis (Figure 3-2). Each
stage of the workflow has been implemented in python scripts (see Supporting Information),
which streamline the information flow from input to the output.
Setup: The coarse-grained protein structure(s) were taken as input to determine the 𝑑𝑠
value (Figure S1) for the dimer of interest by an in-house python code P_sep.py. Using 𝑑𝑠 and 𝑁
as input parameters, seed conformation of proteins embedded in membrane lipids were generated
using P_setup.py script. The 𝑆𝑁 seed configurations were generated in a uniformly distributed
fashion over the rotational space. The basic framework of the system setup is adapted from
DAFT80 with modifications to include uniform sampling of the initial seed geometries and
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inclusion of 𝑑𝑠 . Each of the 𝑁 seed geometries were then allowed to undergo energy
minimization and equilibration, followed by production run for 𝑀 𝑛𝑠. All 𝑁 jobs run
independently and in parallel for maximum productivity.
Analysis: The trajectories obtained from production runs were then processed to obtain
the dimer angles and interaction energies as a cascade of steps in the python script,
P_analysis.py. Trajectories were first treated to remove periodic boundaries to extract the dimer
configurations. The processed trajectories were then used to obtain the interaction energy
between the proteins using GROMACS81-83 utility “gmx energy”. Next, angles corresponding to
each dimer conformation were computed according to rotation angle convention (Figure S2).
The data set was filtered to remove conformation frames of dimers that had their center-of-mass
distances between them was larger than 𝑑𝑠 . Only the proteins within the 𝑑𝑠 were used to
generate the potential energy landscape.
Binning data and energy landscape generation: To generate the energy landscape
plots, the non-bonded (LJ potential and Columbic) interaction energy of each protein pair (within
𝑑𝑠 cutoff) was recorded as a function the rotational (𝜃, 𝜃 ′ ) angles and the final data set was
binned into 𝑁bin and passed to P_result.py script. The binning was done to divide the rotational
space into 𝑁bin number of equally spaced intervals along the x- and y-axes, which represent the
degree of rotation of each interacting protein. In the present work, we used 𝑁bin = 360, which
resulted in 360×360 grid of protein dimer conformations. The entire data set of {𝜃𝑘 , 𝜃𝑘′ , 𝐸𝑘 } for
{𝑅𝑘 ; 𝑘 = 1, ⋯ , 𝑁 × 𝑀} conformations was pooled into the 360×360 binned grid. The binned data
were sampled to compute (a) frequency, i.e., the number of times each grid point was sampled
during the production run; (b) grid coverage to determine the total number of grid points visited;
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and (c) minimum energy of the conformations at the grid point. Analyzed data are presented as a
two-dimensional frequency, grid coverage, and minimum energy contour plots or landscapes.
All in-house python codes written to perform steps from system set up to PANEL
analysis utilized several python packages including the MDAnalysis package84,85, which aided
the import and processing of data from GROMACS81 trajectory files.
Convergence: Multiple PANEL runs were performed to demonstrate convergence for the
user-defined input parameters (Figures S3 and S4). To quantify the performance of the PANEL
run we computed the percent coverage of the sampling landscape, defined as
% 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 =

# grid points visited at least once
total # of grid points

.

(3)

A PANEL simulation with 100% coverage would imply that entire rotational space
(360°× 360°) was sampled at least once. The results of convergence tests and the recommended
input parameters are provided in the Supporting Information.

Methods
The homology-modeled protein structures for our two applications, claudin-5
dimerization and OmpF dimer and trimerization, were obtained using our previously discussed
method.75,86 Proteins were CG mapped to MARTINIv2.272,87 force-field using martinize.py and
the secondary structure was maintained using Elnedyn bonds with side chain fix.88 Seed
geometries were embedded in lipid bilayer using insane.py. Claudin-5 systems were simulated
in DOPC (dioleoyl phosphatidylcholine) bilayer, and OmpF proteins were embedded in
asymmetric E. coli outer membrane constituted by lipopolysaccharides lipids (LIPO) in the
upper leaflet and DPPE (dipalmitoyl phosphatidylethnaolamine) in the lower leaflet. The CG
force field parameters for LIPO were reported in our earlier work.89 All MD simulations were
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performed using GROMACS 2018 package.81 Each system (Table S1) was energy minimized
followed by isothermal-isochoric (NVT) and isothermal-isobaric (NPT) simulation steps for 75
ns with position restraints on the protein backbone. Temperature was maintained at 300 K for
claudin-5 simulations and at 340 K for OmpF simulations using the v-rescale90 thermostat with
τt=1 ps; a semi-isotropic pressure of 1 bar was maintained using Berendsen barostat91 with a τp=
5 ps during the simulations. For the production MD run, v-rescale thermostat and ParrinelloRahman barostat92 were used with τt=1 ps and τp=12 ps. All runs were performed with a 20 fs
time step. The non-bonded van der Waals and Coulomb interactions’ cut-offs were set to 1.1 nm.
Three-dimensional periodic boundary conditions were applied to each system. The interaction
energies between the protein dimers were computed by defining energy groups for each protein
in the GROMACS input file. The point mutations of OmpF were performed using CHARMMGUI.93,94

Results
Two applications are
presented to demonstrate the
features of the PANEL method and
its applicability to different integral
membrane proteins (Figure 3-3).
The first is the association of
claudin-5 proteins, critical

Figure 3-3. Model of transmembrane protein structures
for PANEL application. (a) claudin-5 (gray ribbon) and
(b) OmpF (gray ribbon) and key residues: G19 (red), G57
(orange), G59 (purple), R100 (blue), and G135 (yellow)

components of tight junctions at the
blood-brain barrier interface.95 The second is the barrel-shaped OmpF that exists as a symmetric
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trimer in Gram-negative bacterial outer membrane.96,97 The trimer formation illustrates a twostep application of the PANEL method.
Application I: PANEL for Blood-brain barrier tight junction forming claudin-5 protein dimer
Claudin-5, a member of claudin family of tight junction proteins, is a quintessential
protein. It establishes the size- and charge-selective barrier at the intercellular space between
adjoining endothelial cells that regulates the transport of molecules at the blood-brain barrier
interface. This relatively small protein (23 kDa) is composed of 216 amino acids that forms four
transmembrane domains (TM1−4), two extracellular loops (ECL1 and ECL2), a cytosolic loop
(Cyto), and cytoplasmic N- and C-terminal domains (Figure 3-3a). In previous work, we have
shown that multiple claudin-5 proteins embedded in a membrane interact to form specific
dimeric interfaces, which then self-assemble to form contiguous tight junction strands.75
Here we revisit claudin-5 pair interactions using PANEL primarily to achieve a
comprehensive sampling of the pair interaction energies in the rotational space. In addition to
interaction energies, we computed the number of times each grid in the rotational space was
visited to produce a frequency landscape. The percent coverage of the rotational space was
computed to ensure complete sampling.
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Figure 3-4. Claudin-5 protein association contour plots showing (a) minimum energy (scale blue to red) landscape, (b) grid
coverage (sampled–white; not sampled–black), and (c) grid population (scale 1 to >20).
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Energy Landscape. The PANEL plot for claudin-5 dimer was generated using
~1.2 𝑚𝑖𝑙𝑙𝑖𝑜𝑛 data points (N=3000 and 𝑀 = 400). The resulting contour plot (Figure 3-4a)
shows a rugged interaction energy landscape as a function of the rotational coordinates (𝜃, 𝜃 ′ ).
The energy values range from −1512.4 kJmol−1 at (93°, 106°), which is the lowest energy
structure to higher energy values up to 0 kJmol−1. The interaction energy for any conformation
is the result of multiple pair interactions between the amino acids residues of the two proteins;
this means that a small change in the rotational angle of the proteins can expose new interacting
surfaces and residues, to cause a sharp change in the interaction energy. Thus, based on the type
of residue-residue contact lost, sharp changes in the PANEL energy landscape are possible.
Despite the ruggedness, prominent low energy wells between (100°, 100°) and (120°, 120°) are
observed in the claudin-5 energy landscape, which denotes stable and preferred conformations.
In contrast, the regions with relatively high energies depict less stable dimer conformations that
are energetically less preferred.
Table 3-1. Percent coverage for input parameters N and M

M
N
250

400

500

1500

500

40%

50%

54%

61%

1000

64%

73%

76%

86%

2000

85%

89%

91%

95%

3000

92%

95%

96%

97%

The distribution of 1.2 million data points used for generating the energy landscape is
shown in the grid coverage plot (Figure 3-4b). Although the seed geometries (𝑁 = 3000) were
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generated from a uniform distribution, the final grid coverage after the MD simulations (𝑀 =
400) shows a non-uniform grid coverage. Further, the grid frequency or the number of times
each grid was visited was computed as a function of the rotational angles (Figure 3-4c).
Interestingly, the grid frequency mimics the energy landscape, i.e., the visiting frequency is high
for grid points that have low energy or preferred conformations, and the visiting frequency is low
for grid points associated with high energy and less preferred dimers. Thus, we infer that the
interaction energy landscape is in agreement with the grid frequencies.
Grid coverage: The efficiency of sampling the rotational space for a pair of proteins was

Figure 3-5. Landscape coverage for (a) N=1000, M=1500 (b) N=3000,
M=500 with total of 1.5 million grid points each
assessed by percent coverage as defined in Eq. (1). To determine optimal values of input
parameter N and M that will yield the highest percent coverage we performed multiple claudinclaudin simulations with various combinations of N and M values (Table 3-1). The data show
that for a given value of N, an increase in M results in incremental increase in coverage. For
example, when N = 500, increasing M from 250 to 1500 (corresponds to 1.5 μs of MD
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simulation), results in only 61% grid coverage; however, increasing N from 500 to 3000, shows
high coverage in 92-97% range for all values of M.
To illustrate this further, two sets of 𝑁 and
𝑀 were compared that have same number
(𝑁 × 𝑀 = 1.5 × 106 ) of data points: 𝑁 = 1000,
𝑀 = 1500; and 𝑁 = 3000, 𝑀 = 500 (Figure 35). In case of lower 𝑁, the population landscape
shows a patchy coverage where MD trajectory
was unable to sample the conformations (Figure
3-5a), whereas in case of larger 𝑁, the MD
trajectories are able to sample more
conformations. Thus, from this analysis we
conclude that sampling a larger set of seed
geometries with shorter MD simulations is more
efficient in providing higher grid coverage of the
rotational space.

Figure 3-6. (a) Claudin-5 dimers A−D
mapped (boxed regions) on the contour plot
of the minimum energy landscape along with
(b) the three-dimensional representation of
the dimer C region. The scale shows the
energy and the corresponding colors

Dimer characterization: In our previous
work, we identified four key claudin-5 dimer orientations (labeled as dimer A, B, C, and D) that
were observed with high frequency in the self-assembly simulations.75 Among these dimers,
dimer B, C and D are symmetric and lie on the symmetry axis (diagonal) of the rotational space,
which implies that both the claudin proteins interact via identical domains; for example, to form
dimer B, both claudin proteins interact via their TM3 domains, while to form dimer C, both
proteins interact through their TM4 domains and the ECL2 loops. Similarly, in the case of dimer
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D, both the claudin proteins interact via their ECL1 loops. Dimer A, however, lies outside the
symmetry axis and the proteins interact via different domains; TM4 domain of one protein
interacts with the TM1 domain of the other. As shown in our earlier work, symmetric dimers B,
C, and D play significant role in the tight junction architecture; both dimers D and B form tight
junction pores (Pore I and II).66 In contrast, dimer C functions as the non-pore forming
conformation and is vital for in the formation of the tight junction seal.
The claudin-5 association results from our self-assembly simulations provide insightful
information on tight junction architecture and transport properties of small molecules across the
pores; however, the results were often limited by the size of the system (70 ×70 nm2 membrane
patch), length of the simulation time (~10 µs), limited dimer population (15−20 dimers) per
simulation, lack of energetics data, and the cost of the simulation (thousands of hours of wall
clock time). The PANEL method mitigates such limitations and provides the interaction energy
surface as a function of the rotational space.
The locations of dimers A−D are mapped on the minimum energy contour plot (Figure 36). Dimer C region has low pair-interaction energies (−1512.4 to −1400 kJmol−1) relative to
dimers B and D (−800 to −20 kJmol−1), which indicates higher stability for these non-pore
forming conformations relative to the pore forming dimers. The off-diagonal regions of dimer A
have few low energy conformations, which are less stable than dimer C.
The lowest energy dimer conformation that lies in the dimer C region at (93°, 106°) grid
point was reverse mapped to atomistic level to examine the pairwise residue-residue interactions
(Table S2). The vast majority of amino acid residue pairs making significant contributions to the
stability of the dimer were observed to be from close interaction between TM4 and ECL2 on
either of the proteins with additional contribution from TM3 and ECL1. The strongest interacting
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pair was found to be from the ECLs. Some major interactions include the aromatic residue pair
H38-Y148 and the charged residue pair R145-Q159 in the ECL region (Figure S5).
The one-dimensional energy profile of dimer conformations along the symmetry axis
(Figure 3-7) shows multiple local minima. Selected conformations in the local minima were
reverse mapped to atomistic resolution to identify the protein-protein contacts in terms of the
secondary structure (Figure 3-7b). Conformations with contacts through the ECL1-ECL1 or
Cyto-Cyto domains such (0°,0°), (340°,340°), or (310°,310°), are less stable than those with
some TM-TM contacts (50°,50°), (80°,80°), (110°,110°), (160°,160°),(190°,190°),(240°,240°),
and (270°,270°). Notably, the (110°,110°) conformation, which is a dimer C orientation, forms
largest number of symmetric contacts through EC1, ECL2, TM3, TM4 and has the lowest
energy. Similar one-dimensional energy profiles were generated for other regions of the PANEL
contour plot (Figure S6).
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Figure 3-7. Variations in interaction energies and interacting protein domains for symmetric dimers. (a) Interaction energy curve
along the symmetry axis denoting symmetric dimer orientations with reverse mapped dimer structures for selected local minima
with highlighted green and pink residues denoting pair interactions. (b) Secondary structure contact maps for selected
conformations
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Application II: PANEL for OmpF dimer and trimer
The second application demonstrates PANEL method’s versatility to a bacterial protein—
Outer Membrane Protein F (OmpF), an integral membrane protein found in Escherichia coli.
OmpF porin is a symmetric trimer formed by barrel-shaped monomers, which allow passive
exchange of small hydrophilic molecules across the bacterial membrane through their waterfilled channels.11,97,98 Earlier studies have reported that formation of OmpF trimer occurs via a
stepwise process of two monomers forming a dimer intermediate, which then combines with
another monomer to form the symmetric trimer.99

Figure 3-8. OmpF dimer formation. Protein association contour plots showing (a) minimum
energy landscape along with the subset of (b) dimer conformations with energy values below
−1400 kJ/mol. The scale shows contour energy and the associated colors. (c) Reversed mapped
OmpF porins (gray ribbons) show the orientation of the two OmpF monomers at (15˚,15˚),
(300˚,15˚), (300˚,300˚), and (15˚,300˚) along with the location of amino acid residues G19 (red
spheres) and G135 (yellow spheres).
The stability of OmpF trimer is attributed to a set of amino acids (G19, G57, G59, R100,
and G135) on the β-barrel surface (Figure 3-1). In our earlier work, we performed self-assembly
simulations of OmpF monomers that formed stable dimers and symmetric trimer through
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interaction between monomers via G19 and G135 residues.86 The prohibitively high
computational cost of the self-assembly simulations prevented the evaluation of point mutations
on dimer and trimer formation and stability. The PANEL method lends itself to such evaluation
to better understand the role of key residue in trimer formation.
The PANEL plot for OmpF dimer was generated using ~1.5 𝑚𝑖𝑙𝑙𝑖𝑜𝑛 data points
(N=3000 and 𝑀 = 500). The resulting contour plot (Figure 3-8a) shows a very distinct
interaction energy landscape as a function of the rotational coordinates (𝜃, 𝜃 ′ ); both OmpF
monomers show preferred orientations around 𝜃 𝑜𝑟 𝜃 ′ = 300˚ or 15˚. Thus, there are four low
energy regions below −1400 kJ/mol (~15˚, ~15˚), (~15˚, ~300˚), (~300˚, ~15˚), and (~300˚,
~300˚), as shown in Figure 3-8b. The reverse mapped structures for representative orientations
from the four regions show the conformations involving symmetric G19-G19 or G135-135
interactions between the OmpF monomers or asymmetric G19-G135 interactions.
Interestingly, the lowest energy asymmetric dimer configuration obtained from PANEL
corresponds to the precursor for the symmetric trimer formation. The reverse mapped
conformation (300˚,15˚) of the asymmetric dimer shows the signature interaction between G19G135 residues, with exposed G135 and G19 residue, respectively, to accommodate a third OmpF
protein and form a trimer. Symmetric dimers with G19-G19 or G135-G135 interactions are
incapable of forming a symmetric trimer.
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In addition to G19 and G135, the
role of highly conserved glycine residues
G57 and G59, and R100 in dimer
formation was investigated. In an earlier
work Naveed et al. indicated that each
glycine and arginine residue play a
distinct but variable role, and all of them
contribute significantly to the stability of
the OmpF pair interactions. To test the
sensitivity of the PANEL method to
point mutations and to capture the loss of
stability in an interaction, we mimicked
the mutations performed in earlier
experiments by progressively adding the
mutations, starting with the G19W
mutation, followed by

θ°

Figure 3-9. (a) The minimum energy contour plot of
the dimers formed by mutated
(G19W/G135W/R100L/G57I/G59L) OmpF
monomers and (b) the regions below −1400
kJmol−1. The scale shows contour energy and the
associated colors

G19W/G135W/R100L, and finally with all the key residues mutated as
G19W/G135W/R100L/G57I/G59L (Figure S7). Comparison of the PANEL contour interaction
energy plots between the wild-type protein and upon G19W/G135W/R100L/G57I/G59L shows
reduced stability, evident in the contour plots showing energies below −1400 kJ/mol (Figure 39).
OmpF trimer. The PANEL method for generating trimeric systems was designed to have
a workflow similar to that described for the claudin dimeric system. Here, however, one of the
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monomers was replaced with a dimer and the other remained unchanged as a monomer (Figure
S2). The most stable dimer orientation (Figure 3-10a inset) was selected to generate the PANEL
for the trimer. To enhance the sampling efficiency of the method, selection of the seed
geometries was restricted to cyclic orientations where the monomer interacted with both the

Figure 3-10. The polar plot of the OmpF timer. (a) minimum energy landscape with inset stable
dimer orientation precursor to trimer formation; dimer angle (𝜃 ′ , circumference) and monomer
angle (𝜃, radial); the orientation of the dimer is superimposed for reference; lowest energy
trimer region (pink circle) was observed around (~360°, ~90°). (b) reverse mapped structure
(gray ribbons) of the trimer at (360°, 90°) with G19 (red spheres) and G135 (yellow spheres).
OmpF subunits of the dimer; non-cyclic/linear trimeric seed configurations were eliminated.
The energy landscape of the OmpF trimer is presented as a polar plot (Figure 3-10a),
where the circumferential angle corresponds to the rotation around the dimer, and the radial
angle corresponds to the monomer. The blank spaces correspond to non-cyclic configurations
that were eliminated from sampling. Two low energy regions were observed around (~360°,
~90°) and (~360°, ~270°) showing the interaction of the monomer with OmpF dimer’s major and
the minor grooves, respectively. The lowest energy trimer was observed around (~360°, ~90°)
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region on the plot in which the monomer interacts with the exposed G19 and G135 residues. The
orientation of the monomer is such that its G19 interacts with exposed G135 and monomer’s
G135 pairs with the exposed G19 of the dimer (Figure 3-10b). The reverse mapped structure of
the stable trimer shows a total of three G19-G135 pairs. The observed trimer closely matches the
OmpF crystal structure, validating the ability of PANEL to capture the energy landscape of the
trimeric interactions successfully.

Discussion
The PANEL method is a robust, computationally inexpensive approach to obtain
comprehensive and converged energy landscape data for the association of integral membrane
proteins. The method benefits from the proteins’ confinement in the two-dimensional membrane
plane as there are fewer degrees of freedom compared to soluble proteins. In both the claudin-5
and OmpF applications, minimal changes to input parameters were required to study a
tetraspanin protein in phospholipid bilayer and a β-barrel porin trimer embedded in a
lipopolysaccharide rich bacterial outer membrane.
The PANEL method utilizes a fraction of the computational resources and wall-clock
time to complete the simulations as compared to traditional self-assembly simulations (Table
S3). The use of much smaller system sizes (10×10 nm2 membrane patches) compared to larger
self-assembly simulation setups (50×50 nm2 membrane patches) and short simulation times
(400-500 ns) eliminate the need for high-performance computing resources. Underlying
simulation efficiency is the use of seed geometries for proteins within the interacting distance;
therefore, short MD simulations provide sufficient pair-wise energy data for generating the
landscape. Additionally, the algorithm supports a high level of parallelization, as each of the
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selected seed geometries (up to 3000) run independently. The PANEL workflow and scripts are
programmed to be user-friendly and easy to install for all future applications.
The PANEL method has several advantages over other computational methods currently
in use to analyze membrane protein association. For example, in our previous claudin work, the
relative stability of the dimers was computed via umbrella-sampling or metadynamics
simulations that required pull simulations and breaking the dimers into monomer gradually or
forming the dimers as a function of some collective variable; neither approach is straightforward
for membrane protein that are embedded in lipids. Similarly, in OmpF trimer self-assembly, the
computational cost of the slowly diffusing OmpF monomers limited the scope of the work to the
wildtype OmpF system. Due to the absence of convergence criteria in self-assembly simulations,
it was impossible to prove that OmpF trimer was not when critical glycine residues were
mutated. The application of the PANEL method in the present work eliminated the prior
limitations.
Comparison of PANEL and DAFT method: Developed by Wassenaar et al., the DAFT
method80 utilizes a docking strategy plus self-assembly MD simulations to identify preferred
protein binding orientations. The novelty of the DAFT method lies in how proteins are placed in
unit cells and with optimal periodic boundary conditions that allow maximum decoupling
between the protein and its periodic images. The method generates multiple unbiased initial
orientations to allow the protein to interact with another protein in the system in any of its
periodic images and move in a preferred orientation dictated by the pair-wise interactions to form
an associated product.
In terms of output, DAFT yields the final population of dimers as a function of rotational
space. The DAFT output of claudin-5 dimer population was computed using 3000 starting
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conformations followed by 500 ns of equilibration MD for each system (Figure 3-11a). The
output enables the prediction of preferred dimer orientations based on the population density in a
specific region. However, the DAFT approach (i) does not provide any information on the dimer
orientations that are not part of the final conformations (in Figure 3-11a); (ii) may be influenced
by the stickiness of the MARTINI force field, i.e., bound proteins are unable to dissociate,
despite the efforts for maximally decouple the protein via the periodic images; (iii) relies on slow
diffusion of proteins to self-assemble, which may keep dimers trapped in local minima,
restricting the uniform sampling of the rotational space; (iv) requires long simulation times for
trimer formation.

Figure 3-11. Comparison of (a) DAFT’s population analysis (brown dots) with (b) PANEL’s
minimum energy contour plot (scale on right) for claudin-5 dimers
On the other hand, the PANEL method builds on the strengths of the DAFT method to
provide additional output data (Figure 3-11b). The key distinction of the PANEL approach is
that: (i) membrane proteins are placed within the interacting distance (with the van der Waal
cutoff) of each other; (ii) sampling of rotational space is done stochastically from a uniform
distribution; (iii) interaction energies of the protein dimers are recorded over the equilibration
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MD run to generate a comprehensive energy landscape; (iv) it provides a fully sampled potential
energy landscape as a function of rotational angles; and (v) it achieves convergence by
maximizing the grid coverage of the energy landscape. Thus, the PANEL approach builds on the
merits of the docking strategy, stochastic sampling, and equilibrium molecular simulations to
study protein associations in membrane lipid environment.

Conclusions
We present the comprehensive, computationally affordable, and user-friendly PANEL
method for performing compressive sampling of association of transmembrane proteins. Unlike
some ensemble-based methods of protein association, PANEL does not quantify membrane
protein association based on final protein dimer populations and thereby circumvents the
limitations associated with the convergence of equilibrium population. The PANEL method can
provide a comprehensive set of data for any interacting (pair or trio) of membrane proteins in a
highly streamlined parallelized job setup which does not require high-performance
supercomputers to generate results and can be achieved with a minimal number of parallel nodes.
The method is versatile and independent of the limitations of a specific force field as shown by
two example applications of claudin-5 dimer formation and OmpF dimer and trimer formation.
Both applications required only a fraction of simulation cost compared to the self-assembly
simulations. The PANEL method successfully captured the loss of stable OmpF dimers upon
point mutations that were observed in prior experiments. The PANEL method is implemented in
easy-to-use scripts that are available for download and use by the scientific community to
characterize any pair of integral membrane proteins.
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Supporting Information
The supporting document includes-description of the PANEL python scripts; details of PANEL
parameters; parameters used for generating PANEL for each system; list of pairwise LJ and
Columbic interaction energies; performance analysis; radial distance distribution; rotational
angle conventions; convergence tests, minimum energy PANEL plots; reverse mapped atomistic
structures; low energy region descriptions; and OmpF wt and mutated dimer PANEL landscapes.
Description of the PANEL python scripts
P_sep.py – Computes the 𝑑𝑠 value for any given pair of proteins using their CG structures by
obtaining bead-wise radial distance matrices.
In this work, we have used 90th percentile of the collection of bead distance from the COM axis.
The recommended value may range between 90-95th percentile. However, the user may choose
to modify this value depending on the geometry and irregularities of the transmembrane entities
being studied. Using a very low value may lead to generation of large number of undesirable
seed geometries, while a very high value may cause the interacting entities to drift apart.
P_setup.py – Generates initial seed geometries by taking 𝑁 and 𝑑𝑠 as the input parameters.
Incorporation of 𝑀 ns of simulation is specified in the GROMACAS .mdp file. The convergence
tests show optimal 𝑀 value between the 400-500 ns; however, the user may choose a lower or
higher value depending on the size and complexity of the transmembrane entity under
investigation.
P_analysis.py – Processes the trajectories and obtains data relevant for plotting PANEL in the
following steps:
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gmx trjconv-no jump – To remove discrepancies due to periodic boundary conditions from
affecting the positional and angle analysis using GROMACS utility “gmx trjconv”
gmx energy – To obtain interaction energy between the proteins along the trajectory using
GROMACS utility “gmx energy”.
angle.py – To compute the (𝜃, 𝜃 ′ ) orientation angles for each dimer conformation.
distance.py – To compute the COM-COM distance between the two proteins at every time step
along the trajectory, which can be used to determine whether the proteins are within the dimer
cut-off or need to be discarded.
filter.py – To remove bad or undesirable seed geometries (e.g., with loops interlocked or
colliding CG beads due to stringent parameters) using contact analysis with a minimum contact
distance cut-off of 0.6 nm.
P_result.py – Assembles all the data together and sorts the data into 𝑁𝑏𝑖𝑛 and generates
minimum energy landscape, grid frequency, and grid coverage.
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Details of PANEL parameters
Protein-protein separation distance: To ensure that the seed geometries have protein pairs
within the interacting distance, an optimal separation distance 𝑑𝑠 is calculated
𝑑𝑠 = 𝑟190 + 𝑟290 + 𝑟𝑐𝑢𝑡

(Eq. S1)

where 𝑟190 is 90th-percentile radial distance (nm) of protein 1, 𝑟290 is 90th-percentile radial
distance (nm) of protein 2, and 𝑟𝑐𝑢𝑡 is a cutoff parameter to keep the proteins surfaces within the
van der Waal interaction cutoff. To compute 𝑟𝑖90 for any protein 𝑖, the radial distance from the
center of mass (COM) axis of the integral membrane protein to every CG bead of the protein is
measured and the 90th percentile of the collection radial distances for all beads is obtained using
an in-house python code. For current work with MARTINI force field 𝑟𝑐𝑢𝑡 = 0.2 nm.
The 𝑟𝑖90 value is equal to 1.47 nm and 2.12 nm for claudin-5 and OmpF (Figure S1),
respectively. The rationale for choosing 90th-percentile for the present work is to account for
irregularities in the protein geometries and yet have proteins within the interacting distances. The
choice of the percentile can be adjusted based on the unique geometric features of the
transmembrane proteins in future applications.
Dimer angle convention: Angles 𝜃 and 𝜃 ′ are defined relative to the planar line connecting the
center of masses COM1 and COM2 of monomers M1 and M2, respectively (Figure S2a). Using
X1 and X2 as the planar reference points on the periphery of the monomers, 𝜃 is defined as the
planar angle between (COM1-COM2) and (COM1-X1) measured anticlockwise; similarly, 𝜃 ′
is the planar angle between (COM1-COM2) and (COM1-X2) measured anticlockwise.
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Trimer angle convention: Angles 𝜃 and 𝜃 ′ are defined relative to the planar line connecting the
center of masses COM1 and COM2 of the dimer D1 and monomer M3, respectively (Figure
S2b). Using X1 as the COM of one of the monomers in the dimer, 𝜃 is the planar angle between
(COM1-COM2) and (COM1-X1) measured anticlockwise. Using and X2 are planar reference
points on the periphery of M3, 𝜃 ′ is the planar angle between (COM1-COM2) and (COM1-X2)
measured anticlockwise.
List of reference points used in the work presented in the main article.
System

X1 reference point

X2 reference point

Claudin-5 dimer

COM of TM1 helix

COM of TM1 helix

OmpF dimer

Amino acid residue 63

Amino acid residue 63

OmpF trimer

COM of first monomeric unit

Amino acid residue 63

Interaction energy. The non-bonded (LJ potential and Columbic) interaction energy of each
protein pair (within 𝑑𝑠 cutoff) was recorded as a function the rotational (𝜃, 𝜃 ′ ) angles.
Grid frequency. The number of times a specific (𝜃, 𝜃 ′ ) orientation is observed in a user-defined
grid spacing. For the present work grid spacing of 1° was used for both 𝜃 and 𝜃 ′ , yielding
360 × 360 grids. A high grid frequency implies a higher preference for that particular dimer
orientation.
Optimal length of simulation using interaction energy convergence.
The optimal length of simulation was determined using a similar method implemented by
Wassenaar et al, by obtaining the ensemble average of interaction energies over the trajectory.
The curve fitting to test the convergence of interaction energies was performed for variable seed
geometries (N = 150, 250, and 500) and for varying lengths of simulation (M =
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150 , 250, 400 , and 500 ns). It was observed that the mean fitted curve meets the predicted
plateau line appreciably at M = 250 ns for N = 250 ns and N = 500 systems, and M =
400 ns for all vales of N. Depending on the convergence of mean interaction energy curve, the
optimal length of simulation M = 400 ns was determined to be the optimal value.
Test for reproducibility. The reproducibility of the PANEL method was tested by running a
superset of 𝑁 = 6000 seed geometries for claudin-5 proteins. After the production run, multiple
PANEL plots were generated using 3000 geometries were randomly selected from the pool of
6000; four such PANEL are shown in Figure S4. Comparison of the potential energy landscapes
for claudin-5 show qualitatively similar results with 11.35 kJmol−1 standard deviation in the
lowest energy value and an average grid coverage of ~94%.
Contact maps and pairwise residue interactions
Residues from either of the proteins within 0.8 nm distance were identified as contacts (Figure
S5) and were used to compute residue-residue non-bonded interaction energy using short (1 ns)
mdrun by defining each residue pair as separate energy groups.
Recommended Input parameters for PANEL system setup
Input parameter
Size of each Ω segment

Recommended value
10˚

Number of seed configurations in each Ω segment (𝑵⁄𝑵𝛀)
Total Ω segments (𝑵𝛀 )

2
36×36=1296

Total seed geometries (𝑵)
Length of simulation (𝑴)
𝑵𝒃𝒊𝒏 for PANEL plots

1296×2=2592
400-500 ns
360
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Table S1. Parameters used for generating PANEL for each system.
SI Table 3-1. Parameters used for generating PANEL for each system
System

𝑵

𝑴

𝑵𝛀

𝑵𝒃𝒊𝒏

Claudin-5 dimer

3000

400

1296

360

OmpF-wt

3000

500

1296

360

OmpF-mut (G19W)

3000

500

1296

360

OmpF-mut ( G19W, R100L, G135W)

3000

500

1296

360

1296

360

1296

360

OmpF-mut ( G19W, R100L, G135W, G57I,
3000

500

2000

500

G59L)
OmpF-trimer
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Table S2. List of pairwise LJ and Columbic interaction energies for lowest energy claudin-5
dimer conformation (93°, 106°).
SI Table 3-2. List of pairwise LJ and Columbic interaction energies for lowest energy claudin-5
dimer conformation (93°, 106°).

117

Table S3. Example performance analysis in comparison with self-assembly simulation.
SI Table 3-3. Example performance analysis in comparison with self-assembly simulation
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Figure S1. Radial distance distribution for (a) claudin-5 and (b) OmpF maximum along with the
maximum radial distance (𝑟1𝑚𝑎𝑥 red dashed line) and 90-percentile radial distance (𝑟190 , blue
line).
SI Figure 3-1. Radial distance distribution for (a) claudin-5 and (b) OmpF maximum along with
the maximum radial distance.
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Figure S2. Rotational angle conventions for (a) claudin-5 dimer and (b) OmpF trimer.
SI Figure 3-2. Rotational angle conventions for (a) claudin-5 dimer and (b) OmpF trimer
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Figure S3. Curve fitting of ensemble mean energy over the trajectory for varying 𝑁 and 𝑀
values. The solid black line shows the fitted curve and dashed line shows predicted plateau
value. Pink, green and red scatter points show the quantiles of the ensemble energy distribution
SI Figure 3-3. Curve fitting of ensemble mean energy over the trajectory for varying N and M
values.

.
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Figure S4. Minimum energy PANEL plots of four instances of randomly selected 𝑁 = 3000 out
of a superset of 𝑁 = 6000 seed geometries.
SI Figure 3-4. Minimum energy PANEL plots of four instances of randomly selected N=3000 out
of a superset of N=6000 seed geometries
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Figure S5. Reverse mapped atomistic structure showing the (a) residue-residue contact of the
lowest energy claudin-5 dimer conformation (93°, 106°). Specific residue-residue contacts (b)
H38-Y148 and (c) R145-Q159.
SI Figure 3-5. Reverse mapped atomistic structure showing the (a) residue-residue contact of the
lowest energy claudin-5 dimer conformation (93°, 106°). Specific residue-residue contacts (b)
H38-Y148 and (c) R145-Q159
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Figure S6. Selected low energy regions (below −1000 kJmol−1) and their reverse mapped atomistic structures depicted on the
minimum energy PANEL plot for claudin-5 dimers. (a) Boxes represent A, B, C and D dimer regions characterized in previous work.2
Horizontal and vertical dotted lines indicate lowest energy bands in the horizontal and vertical axes, and the diagonal dotted line
denotes the symmetry axis, where proteins interact symmetrically (as described in the main document). Additional circles denote low
energy regions that are outside the symmetry, horizontal and vertical low energy bands. (b) One-dimensional potential energy profiles
for along horizontal dashed line and (b) vertical dashed line in denoted by dotted in panel (a). The reversed mapped dimer
conformations are shown along with residue-residue contacts (green and pink).

SI Figure 3-6. Selected low energy regions (below −1000 kJmol−1) and their reverse mapped atomistic structures depicted on the minimum
energy PANEL plot for claudin-5 dimers
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Figure S7. OmpF wt and mutated dimer PANEL landscapes with progressively increasing number of mutations. (a) wildtype (b)
G19W (c) G19W, R100L, G135W (d) G19W, R100L, G135W, G57I, G59L3

SI Figure 3-7. OmpF wt and mutated dimer PANEL landscapes with progressively increasing number of mutations
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4. CHAPTER-4: PREDICTING SELECTIVITY OF
PARACELLULAR PORES FOR BIOMIMETIC
APPLICATIONS
Reprint with permission from “Rajagopal, N.; Durand, A. J.; Nangia, S. Predicting Selectivity of
Paracellular Pores for Biomimetic Applications. Mol. Syst. Des. Eng. 2020, 5 (3), 686–696.
https://doi.org/10.1039/C9ME00177H.” Copyright (2020) American Chemical Society.
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Abstract
Biological systems exhibit diverse examples of controlled solute permeability and
selectivity in cell and tissue barriers. The epithelial and endothelial cells lining each organ confer
selectivity via tight junctions, physical fence-like structures that regulate paracellular transport,
whose primary functional component is a claudin. Members of the claudin family of proteins
undergo cis and trans assembly to control paracellular selectivity. However, based on the type of
claudin and its expression level in a tissue, the tight junction selectivity varies from cationic to
anionic or permeability changes from zero to leaky. In vitro and in vivo characterization of tight
junction macroassemblies is a challenge, especially when molecular-level precision is essential
for using nature's design principle for biomimetic applications, such as ion separation platforms
and nanosensors. In the present work, we use a recently developed method, protein association
energy landscape (PANEL), to exploit the cis architecture of claudin proteins to explain their
paracellular selectivity. Using PANEL, we generated millions of claudin-claudin dimer
geometries and analyzed the amino acid residue contacts. We demonstrate that a rigorous
analysis of cis architectures can not only predict the critical residues responsible for tight
junction selectivity, but the cis structures obtained can also provide putative tight junction pore
configurations. A deeper understanding of tight junction architecture at a molecular level has
been possible using specially designed computational tools and techniques. This approach has
promise in determining the selectivity of tight junction proteins and their subsequent use in
biomimetic ultrafiltration devices.
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Introduction
The design of biomimetic sensors and filtration systems requires fundamental knowledge
of features critical to natural biological transport processes. 1-4 Separation methods rely on charge
and size-selective channels. Most biomimetics focus on the specialized active transporters

Figure 4-1. (a) Pathways for solute transport across epithelial and endothelial cells.
Paracellular charge-selective ion channels are formed via a network of cis and trans interacting
claudin proteins. (b) Structure of claudin protein (cartoon representation) showing four
transmembrane helices (TM1-4), extracellular loop (ECL1 and ECL2) domains, cytosolic loop
domain, along with N-terminal and C-terminal domains. (c) Sequence alignment of ECL1 and
ECL2 regions (green) and TM regions (blue) of human claudin-2, claudin-4, and claudin-15.
responsible for transcellular channels (through the cell). 4-13 There has been limited success in
exploring the passive and gradient-dependent paracellular (between cells) channels (Figure 4-
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1a), where solutes move through hydrophilic channels between cells and not across the
hydrophobic lipid bilayer.14,15
The tight junctions are present in epithelia and endothelia that compartmentalize the
organs and body cavities in multicellular organisms.16-18 Besides being the physical and chemical
barriers, the epithelial layer allows selective permeability of ions and solutes in a tissue-specific
manner.14,16,19,20 The functional gatekeepers of the paracellular transport are the claudin family of
tight junction proteins.15,18-22 Tight junctions are macroassemblies in which each claudin
molecule has a central role in establishing the size- and charge-selectivity of the ion permeation
channel.23,24 Variations in the amino acid sequence, residue type, and residue location in the
secondary structure, profoundly influences the macromolecular assembly of the tight junction,
and therefore its function.
Claudins are transmembrane proteins that contain 207-305 amino acids (~21−34 kDa)
and fold into four helices (TM1–4) with two extracellular loops (ECL1–2), and a cytosolic loop
(Figure 4-1b).25 The claudin proteins interact laterally (cis assembly) within the membrane of the
same cell, followed by head-on (trans assembly) with claudins of the opposing cell to form a
network of tight junctions.26,27 Thus far, 27 members of the claudin family have been identified
in mammals.28 Sequence alignment of a subset of human claudin proteins shows a longer ECL1
loop and a shorter ECL2 loop that have several acidic and basic amino acid residues (Figure 41c).
Based on permeability, claudins are broadly classified as pore-forming (solute
permissive) or barrier-forming (solute restrictive).17,28 However, despite the classification, a
claudin can be a pore for an ion or solute, while being a barrier to a different solute given its
charge or size.18,23 Biochemical analyses of claudin proteins have correlated the paracellular ion
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selectivity to the protein sequence in the ECL1 domain. For example, claudin-2 and -15, which
both have a net negative charge in the ECL1 domain have been reported to be cation selective
with pore diameters in 0.8-1.0 nm,19,29-31 whereas claudins with a net positively charged ECL1
are reported as anion selective.32-35 In addition, the TM domains anchor the claudins in the lipid
bilayer and facilitate macromolecular cis assembly that is visible in freeze fracture monographs
as a network of claudin strands. In an earlier study by Colegio et al., the authors used claudin-2
and -4 chimeras to conclude that the ECL domains determine paracellular charge selectivity but
not tight junction fibril architecture.36
Despite the fundamental knowledge that the two ECL domains form cis and trans
associations, it is unclear which segments of and what proportion of ECL1 and ECL2 domains
participate in cis versus trans associations. In this work, we utilize a large claudin dimer data set
obtained from the potential energy landscape to compute the cis binding probability of each
amino acid residue. We used normalized contact analysis to categorize the residues as high,
medium, and low probability for cis interaction. The normalized contacts also show which of the
two ECLs in a claudin is engaged in cis formation. To predict the residues responsible for ion
selectivity of the pore, we focused on the charged residues with low cis contacts. These were
further refined to eliminate the sterically buried residues and to identify residues that were
exposed to the solvent. Using our systematic approach, we present our findings for claudins-2, 4, and -15 that are bona fide pore-forming claudin proteins for small ions.29-32,37-40 In each case,
our predictions are in excellent agreement with the biochemical and computational studies
reported in the literature.
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Methods
Claudin structures. The claudin structures were obtained by homology modeling using
crystal structures claudin-15 (4P79),41 claudin-19 (3X29),42 claudin-4 (5B2G),43 and claudin-3
(6AKG)44 as described previously.45-48 Structures were then minimized and equilibrated using
the CHARMM36 force field.49-51 Each protein was individually embedded in 1,2-dioleoyl-snglycero-3-phosphocholine (DOPC) bilayer and surrounded by water with 0.15 M NaCl using the
CHARMM-GUI server. Each system was then allowed to undergo equilibration, first in
isochoric-isothermal (NVT) ensemble conditions for 100 ns and then second in the isobaricisothermal (NPT) ensemble conditions for 100 ns. Pressure was maintained at 1 bar using
Parrinello-Rahman barostat52 with τP =1 ps. Temperature was maintained at 310 K using NoseHoover thermostat53 and τT=5 ps. The equilibrated structures were coarse grained (CG) using
standard MARTINI coarse graining54-56 protocol with ElNeDyn network and side-chain
fixes.57,58
Table 4-1. Parameters for PANEL runs
PANEL parameters

Claudin-2

Claudin-15

Claudin-4

ds (nm)

3.4

3.2

3.1

N
M (ns)
Total data set (N×M)
Selected data
Coverage (%)
Average grid sampled

2,483
500
1,241,500
867,410
88.5
6.7

2,352
500
1,176,000
879,548
92.9
6.8

2,000
500
1,000,000
916,327
95.9
7.1

PANEL. The coarse grained claudin structures were used as inputs to generate their
minimum energy association landscapes using the PANEL (Protein AsscoiatioN Energy
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Landscape) method, developed by our group.59 The PANEL method takes the CG protein
structure as input to generate multiple dimeric seed geometries (~2000-2500) that are selected
randomly from a uniform distribution of the dimeric rotational space.
Using the automated PANEL scripts, each seed geometry was embedded in DOPC
bilayer, energy minimized, and equilibrated for 75 ns. The NVT and NPT equilibration steps
were performed using v-rescale thermostat and Berendsen barostat,60 respectively. Temperature
was maintained at 310 K and pressure at 1 bar (τT = 1 ps, τp = 5 ps). The production run was
performed for 500 ns using the v-rescale thermostat61 and Parrinello-Rahman barostat52 (τT = 1
ps, τP = 12 ps). The PANEL input parameters for each claudin system are provided in Table 4-1.
The separation distance (ds) for each claudin was computed before the initializing the PANEL
scripts. The number of seed geometries (N) for each system was in the 2000-2500 range to
maximize the energy landscape coverage. Each seed geometry was simulated for 500 ns, and the
protein-protein interaction energies were recorded every 1 ns. The total dataset (N×M) from the
production run, was analyzed to remove any spurious non-interacting conformations that do not
represent cis interaction. The remaining data were then selected to generate the PANEL plots.
These interaction energies of the selected data were projected on the 2D rotational space to
generate the protein association energy landscape. The energy landscape grid coverage ranged
from 89-96%, which implied that each grid point was sufficiently sampled with an average of ~7
samples per grid (Table 4-1). The PANEL method allows easy identification of stable dimer
orientations from the lowest energy regions of the energy landscape, which can then be used to
analyze amino acid contacts involved in dimer formation.
Contact Analysis. The minimum energy configurations corresponding to the PANEL
plots were sorted based on their energies, and the configurations falling in the lowest 33% of the
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energy scale were selected to represent the stable set of claudin dimer configurations. The
selected configurations were then used to obtain pair-wise residue between the interacting
claudins. The amino acid residue contacts were determined by computing the distance between
the CG backbone beads of every amino acid in either protein. All inter-protein backbone beads
within 6 Å distance were assigned to be in contact. Further, the contacts were normalized relative
to the largest contacting residue to be in 0 to 1 range. The normalized contacts were then labeled
as high (>0.66), moderate (0.33−0.66), and low (<0.33). The normalized contact analysis was
performed using in-house python scripts and MDAnalysis package.62,63
Pore structure and analysis. The atomistic pore I and II structures of claudin-5 from our
earlier work were used as templates to generate putative pore models for the claudins-2, -4, and 15.45-47 The pore modeling and alignment were performed using YASARA, molecular-graphics,
modeling, and simulation software.64,65 The structures were energy minimized using steepest
descent with periodic boundary conditions in YASARA software. PyMol software was used to
analyze the final pore structures and to visualize the pore-lining charged residues.66 The inner
diameter along the length of the pore was estimated using the CAVER plugin. 67

Approach
We have adopted a
systematic bottom-up approach to
predict the paracellular ion
selectivity of tight junction pores.
We hypothesized that charged,
surface-exposed, pore-lining
residues in the extracellular

Figure 4-2. Flowchart of the three-step approach used to
predict the key residues that determine the paracellular ion
selectivity of tight junction pores.
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domains of tight junction proteins are key to the charge/ion selectivity of the tight junction pores.
To test our hypothesis, we started with the evaluation of the amino acid residue sequence of the
protein, and based on the three-dimensional structure of the protein, we identified the charged
residues that are exposed to the surface (Figure 4-2). By focusing only on these surface-exposed
residues, we aimed to pinpoint those residue(s) that, despite protein oligomerization (cis and
trans), remain available to participate in pore selectivity. In the second step, we evaluated the
participation of the residues in cis interactions to pick out the residues that form the least number
of cis contacts. The study of cis contacts was performed using the stable, low-energy dimer
conformations obtained from the PANEL method. From the first set of residues, we identified
the subset of residues with few or zero cis contacts. Finally, based on the predicted structure of
the pore, we further narrowed down the residues from the second step and predicted the porefacing residues that were involved in the paracellular ion transport.
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Results and Discussion
Claudin-2 paracellular cation selectivity is determined by D65 and D146 residues

Figure 4-3. Claudin-2 cis interaction analysis. (a) Minimum energy PANEL plot as a function of
(θ, θ') rotational angles; (b) Regions in the landscape that have interaction energy below −797
kJmol−1 cutoff. The energy scale on the plots ranges from 0 (red) to blue (−1196 kJmol−1). (c)
Normalized residue-residue contacts for amino acid residues (1-198) and their location in TM14 and ECL1-2 domains. (d) Enlarged view of normalized contacts in the ECL1 and ECL2
regions. The contacts are categorized as high (green), medium (orange), and low (purple).
The PANEL minimum energy plot shows the landscape of cis interacting claudin-2
dimers as a function of the rotational angles (θ, θ'). The details of PANEL implementation and
the definition of the rotational angles were reported in our earlier work. 59 To generate claudin-2
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PANEL plots, 8.7×105 dimer conformations were sampled (Table 4-1). The interaction energy of
these dimer conformations ranged from 0 to −1196 kJmol−1 representing non-interacting to
highly stable dimer conformations (Figure 4-3a). Although each dimer conformation is
significant, our goal was to identify low-energy, stable cis interacting claudin-2 partners.
Therefore, we focused on conformations that have interaction energies below the −797 kJmol−1
cut-off (or lower one-third of the energy range). On the claudin-2 PANEL plot, these low energy
conformations are primarily clustered around θ and θ' ranging from 90° to 120° (Figure 4-3b).
Identifying these stable cis interacting conformations provides unprecedented insights into the

Figure 4-4. Systematic analysis of the ECL1 and ECL2 domain residues for claudin-2. The
method predicts D65 and D146 as the key residues for claudin-2 pore selectivity.
multiple ways two claudins-2 proteins can interact with each other. Obtaining such detailed and
systematic information is impossible in biochemical assays. Furthermore, analyzing these cis
geometries provides a quantitative assessment of the residue-residue contacts that form these
stable conformations.
The residue contact analysis shows that some residues are more heavily involved in cis
interactions than others. In terms of the claudin-2’s secondary structure, the ECL domains form
appreciably higher contacts than the membrane-embedded TM domains (Figure 4-3c). In
particular, the ECL2 residues F147, Y148, P150, and P153 show high normalized contacts
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(>0.66) along with other residues with a moderate number of contacts. Interestingly, the majority
of the ECL1 residues have low contact, except P74, A75, and D76. The TM4 domain has one or
two residues with high contacts. The overall contact analysis shows that ECL2 is the primary cis
binding domain for claudin-2.

Figure 4-5. Claudin-2 pore models showing predicted residues for paracellular charge
selectivity. The longitudinal and transverse views of (a) pore I channel (green) and (b) Pore II
channel (pink) are shown along with pore-lining residues D65 and D146 (blue) and non-pore
lining K157 (orange) residues.
The non-cis binding residues can potentially engage in other structural and functional
roles in the tight junctions trans interactions, pore-lining residues, remain solvent exposed, or
participate in the channel’s ion selectivity (if charged). Narrowing down to surface exposed ECL
residues, reveals D65 in ECL1 and D146 and K157 in the ECL2 domains (Figure 4-4). The
location of D65 and D146 strongly suggests their availability for dictating the charge selectivity
or a potential involvement in trans interactions.
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Using claudin-5 pore I and II models as templates from our previous work, we generated
putative pore models for claudin-2 (Figure 4-5).46 In the pores, the D65 and D146 residues line
the pore cavity, whereas the positively charged side chains of K157 face outwards suggesting
their non-involvement in the pore selectivity. In pore I, D65 is in the constricted neck region of
the pore, and D146 lies near the wider opening of the pore, with both providing selectivity for
cation transport. Conversely, in the pore II structure, D146 lies in vicinity of the pore neck, while
D65 guards the mouth of the pore. This presents the possibility of a continuous conduction of
cations through channels with variable morphologies, yet similar charge selectivity in
complementary positions.
Our results based on data analysis of claudin-2 cis interactions are in excellent agreement
with the experimental findings. In a series of molecular studies of claudin-2 and -4 chimeras,
swapping the ECL1 domains altered the paracellular charge selectivity, demonstrating that ECL1
domain plays a pivotal role in ion permeation.36 Similar studies involving ECL2 chimeras
showed little difference in ion permeation. Furthermore, mutating D65 with a positively charged
residue markedly reduced its cation selectivity.24,68,69 Mutation of D65N exhibits threefold lower
conductance and Na+ permeability compared to wildtype, and no change in Cl− permeability
relative to the wildtype claudin-2.69 Despite experimental studies indicating non-involvement of
ECL2 residues in pore selectivity, our work predicts possible involvement of D146 in pore
selectivity. It is possible that the considerable involvement of ECL2 in cis interactions screens
D146 to a certain extent; however, further experimental work needs to be performed to compare
the effects of D146 mutations.
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Claudin-15 paracellular cation selectivity is determined by D55 and D148 residues

Figure 4-6. Claudin-15 cis interaction analysis. (a) Minimum energy PANEL plot as a function
of (θ, θ') rotational angles; (b) Regions in the landscape that have interaction energy below
−1184.5 kJmol−1 cutoff. The energy scale on the plots ranges from 0 (red) to blue (−1776.82
kJmol−1). (c) Normalized residue-residue contacts for amino acid residues (1-190) and their
location in TM1-4 and ECL1-2 domains. (d) Enlarged view of normalized contacts in the ECL1
and ECL2 regions. The contacts are categorized as high (green), medium (orange), and low
(purple).
In evaluating the paracellular ion selectivity of claudin-15 channels, our aim was to
predict the residue(s) responsible for the high permeability of cations while being highly resistant
barriers to anions. Using the steps outlined above, we generated the PANEL minimum energy
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plot that for claudin-15 dimers. A total of 8.8×105 dimer conformations were sampled to generate
the PANEL plot as function of rotational angles (θ, θ'). The interaction energy of the dimer
conformations ranged from 0 to −1776.82 kJmol−1 (Figure 4-6a). The claudin-15 PANEL shows
a low energy region (below −1184.5 kJmol−1 cutoff) of cis interactions concentrated in the range
of 0˚-90˚ for both θ and θ' rotational angles (Figure 4-6b). Additional low energy regions are
scattered over other parts of the landscape.

Figure 4-7. Systematic analysis of the ECL1 and ECL2 domain residues for claudin-15. The
method predicts D55 and D148 as the key residues for claudin-15 pore selectivity.
These regions correspond to strong interactions mediated by TM1 and ECL1 with some
contribution from the TM4 helix. The ECL1 residues N37, S56, and L57 have the highest
contacts. Of note, the highest contributors to cis interactions were from ECL1 domain compared
to ECL2 (Figure 4-6c). This observation challenges the notion that claudin ECL2 domains are
primarily engaged in cis assembly. Multiple in vitro transepithelial electrical resistance (TEER)
measurements have shown that changes in ECL1 domain residues alone can explain changes in
the paracellular charge selectivity without any support from the ECL2 domains.36 There is,
however, no direct biochemical evidence to support that the primary function of ECL2 is to
participate in formation of cis strands.
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Figure 4-8. Claudin-15 pore models showing predicted residues for paracellular charge
selectivity. The longitudinal and transverse views of pore I channel (green) along with porelining residues D55 and D148 (blue) and outward facing E64, K155, and K157 (orange)
residues.
The ECL1 domain, in addition to having cis contacts, has multiple surface exposed,
charged residues: D55, E64, R144, D145, D148, K155 and E157 (Figure 4-7). To identify
residues contributing to ion selectivity, we generated the pore I and pore II structures based on
our previous work.46 The pore II structure, however, was occluded with no clear channel; it was
not analyzed further. In pore I, D55, R144, D145, and D148 were pore facing among the charged
residues. The remaining charged residues E64, K155, and K157 face away from the pore, and
therefore, do not participate in paracellular selectivity (Figure 4-8). Further, the side chains of
oppositely charged R144 and D145 residues (within 4 Å radius) form a salt bridge interaction
rendering themselves ineffective in influencing the pore selectivity. In terms of location, D55 lies
in the middle of the permeation path, while D148 is close to the pore entrance. The symmetry of
the pore places four D55 residues in the center of the ion permeation pathway (Figure 4-8), and a
pair of D148 residues on either side of the pore entrance. Together these aspartic acid residues
provide a net negative charge in the pore cavity resulting in cation selectivity.
In a recent study, the key role of the D55 residue was highlighted in in vitro and
computational studies of ion conductance through claudin-15 channels.70,71 Using multiple
mutant systems (E46K/D55K/E64K) Samanta et al. demonstrated that charge reversal of D55
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reduced cation permeability, while mutation of E46 and E64 has little influence. In another
report, Alberini et al. confirmed that E64 side chain is external to the pore cavity.72
Although the PANEL plot shows high stability in the cis dimeric regions corresponding
to pore I model, the pore II forming cis dimer regions were found to be highly unstable.
Consequently, we found that the docked pore I structure shows a significant opening of the pore
pathway while pore II docking did not result in forming an open pore but had a block at the neck
region. This suggests that the inferences made from PANEL plot regarding stable cis dimer
regions may be extended to give a perspective about the possible trans interactions and nature of
pore morphologies in claudins. Further, all the predicted acidic residues show a favorable
arrangement for cation transport by forming a continuous lining along the length of the pore.
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Claudin-4 paracellular anion selectivity is influenced by K65 and R158 residues
The PANEL minimum energy plot shows the landscape of cis interacting claudin-4
dimers as function of the rotational angles (θ, θ'). A total of 9.1×105 dimer conformations were
sampled to generate the PANEL plots. The interaction energy of the dimer conformations ranged
from 0 to −1391 kJmol−1 (Figure 4-9a). The low energy regions (below the −927 kJmol−1 cutoff)

Figure 4-9. Claudin-4 cis interaction analysis. (a) Minimum energy PANEL plot as a function of
(θ, θ') rotational angles; (b) Regions in the landscape that have interaction energy below −927
kJmol−1 cutoff. The energy scale on the plots ranges from 0 (red) to blue (−1391 kJmol−1). (c)
Normalized residue-residue contacts for amino acid residues (1-189) and their location in TM14 and ECL1-2 domains. (d) Enlarged view of normalized contacts in the ECL1 and ECL2
regions. The contacts are categorized as high (green), medium (orange), and low (purple).
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were observed in multiple locations over the rotational space (Figure 4-9b). The low-energy
conformations show preferred cis interactions through TM1, TM3 and TM4, in addition to ECL
domains (Figure 4-9c). Like claudin-2, ECL2 shows larger involvement in contact formation in
stable cis dimers with highest contacts made by Y148 (Figure 4-9d). High frequency contacts

Figure 4-10. Systematic analysis of the ECL1 and ECL2 domain residues for claudin-4. The
method predicts K 65 and D68 and R158 as the key residues for claudin-4 pore selectivity.
were also observed in the TM4 region. The amino acid residues least involved in cis dimerization
included all of the exposed charged residues in the ECL region. Of these, D76, R157 and E159
were found to be facing away from the pore. The pore-facing residues were K65, D68 and R158,
which are available for influencing the nature of the pore (Figure 4-10).
Like claudin-2 pore morphologies and the predicted key residues, claudin-4 also presents
two basic residues K65 and R158, in the pore opening and neck regions of the pores. Their
positions are swapped in pore I and pore II. Although there is an inclusion of the acidic residue,
D68, it is buried deeper in the ECL region and may be shielded by other nonpolar side chains
that restrict the pore size (Figure 4-11). The presence of stable cis dimers that are precursors to
pore I and pore II in claudin-4 PANEL presents the possibility of different pore pathways in
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claudin-4 (i.e., a basic pore environment supporting an anion selective channel or a cation barrier
property).

Figure 4-11. Claudin-4 pore models showing predicted residues for paracellular charge
selectivity. The longitudinal and transverse views of (a) pore I channel (green) and (b) Pore II
channel (pink) are shown along with pore-lining residues K65 and R158 (blue), D68 (light blue),
and non-pore lining D76 and K157 (orange) residues.
Claudin-4 is shown to permeate anions and act as barrier to cation transport in several
studies.32,73,74 A K65D mutation resulted in significant reduction in cation barrier.24,74 In a later
study involving paracellular reabsorption of chloride ions in collecting ducts of the kidneys,
claudin-4 was shown to form anion channels facilitating the reabsorption of chloride ions.32
Further emphasizing the significance of K65 is a study in which, claudin-4 lost its anion
selectivity upon K65T mutation.32
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Conclusions
The claudins create a paracellular seal with well-defined pores for transport of ions and
solutes. The permeability of tight junctions occurs when specific members of claudin protein
family associate via cis and form charge-selective pores. The selectivity of the pore is mediated
by charged residues that remain solvent exposed in the pore walls, without becoming engaged in
cis claudin macroassembly. We used a systematic approach to predict the key residues
responsible for charge-selectivity in three members of the claudin family. The systematic
approach involved generating over million geometries of claudin-claudin interaction and
evaluating the residue contacts for low energy dimeric structures. Further analysis of non-cis
forming charged residues in the putative pore models helped in precisely pinpointing the residues
engaged in ion selectivity. We identified D65 and D146 residues in claudin-2, D55 and D148 in
claudin-15, and K65 and R158 in claudin-4 to bestow charge-selective properties to the ion
permeation channel. The work is in excellent agreement with biochemical studies performed in
prior in vitro and computational work. We also show that in the claudin secondary structure only
the ECL domains are responsible for ion-selectivity and not the TM domains. Additionally,
mutating or abolishing key residues in the ECL domains offer precise control to reverse or
regulate the paracellular ion permeation.
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5. CHAPTER-5: STRUCTURAL BASIS OF CLAUDIN
TIGHT JUNCTIONS FROM SINGLE MOLECULE TO
MICRON SCALE ASSEMBLY
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Abstract
Tight junctions have been greatly studied in the recent years for two major purposes: 1.
To understand the physiological role and significance of TJ barriers in transepithelial and
endothelial transport and implications in several disease pathologies, and 2. To develop a
concrete understanding of TJ molecular architecture for enabling strategies to enhance
therapeutic drug delivery. With the advancement in experimental and computational studies of
protein associations so far, there is a firm knowledge about the transport specificities and TJ
strand features at micron scale resolution through experimental prowess, and accurate atomresidue-level viewpoints established through computational investigations. However, the length
scales of experimental observations are not small enough to describe protein-level interaction
patterns, while due to high computational costs and time-consuming procedures, computational
approaches could not reach larger length scales to explain the strand features observed
experimentally. In order to bridge this gap, we developed a mathematical algorithm—TJ-straPP:
Tight Junction Strand Prediction Protocol, driven by thermodynamic probabilities. TJ-StraPP,
using the probability data from dimer interaction energy landscapes from our previous work
PANEL, predicts the structure of strands made up of thousands of monomers, reaching up to
micron scale output, still preserving the details of protein orientations at an atomistic level. We
demonstrate this using claudin-15 and validate the predictions with the experimental freeze
fracture analysis. Further, we also show that TJ-StraPP can accurately reproduce strand
disruptions observed in specific point mutations of claudin-15 in vitro. With minimal
modifications, this algorithm can be used to predict higher assemblies for any membrane protein.
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Introduction
Tight junctions are complex protein structures formed along neighboring cells of the
epithelial or endothelial layer, regulating paracellular transport of ions, small molecules, and
water. Claudins are key component of the tight junctions, often related to the barrier functions of
the junctional complexes, capable of independently forming strands in the absence of other tight
junction proteins.1–3 Claudins have 4 transmembrane (TM) domains and 2 extracellular loops
(ECL), ECL1 being longer and ECL2 being typically shorter.4,5 Claudins form two types of
interactions with multiple claudins to completely define tight junction strands; they interact with
claudins belonging to the same cell to form cis interactions and interact via their ECLs with
claudins in adjacent cells to form trans interactions. The manner in which claudins form cis and
trans interactions dictates the nature of paracellular permeability imparted by the resulting TJ. Of
the 27 known members of the claudin family, each one exhibits a unique pattern of TJ strand
formation and a unique transport permeability, which largely depends on their preferred
orientations of intra- and intercellular interactions.4,6
With the crystal structure generation, claudin-15 freeze fracture was studied in the past to
reveal interesting features of the tight junction strands formed by claudin-15.7,8 Of the several
key observations were the strand lateral flexibility, smooth curvature, variable branching
patterns, among others.9 The double-row model suggested by Suzuki et al based on the antiparallel arrangement of crystal lattice linear polymer arrangement was verified through
mutations of the key hydrophobic residues involved in the crystal lattice dimer interface. 8,9
Further, through protein-protein docking protocols, other stable dimer orientations were explored
to explain the branching of the strand. This study laid down a solid foundation on the identifying
the distinct features of claudin-15 tight junction strands by obtaining high resolution freeze168

fracture images. However, the exact cis interfacing orientations of the strands, the reason for
strand curvature and branching were difficult to achieve with the available resolution.
In this work, we developed a probability-based algorithm to predict the claudin strand
architecture at a length scale comparable to the freeze fracture images, while retaining the
molecular level details. The probabilities corresponding to unique orientational preferences of cis
interfaces were obtained from our previously developed method to generate protein association
energy landscapes (PANEL).10 The ranked dimer probabilities unique to claudin-15 derived from
PANEL were then used in an automated code we developed in python, called Tight Junction
Strand Prediction Protocol (TJ-StraPP), to orient the protomers in space based on high
probability interfaces. TJ-StraPP, driven by probabilities from interaction energetics, allowed us
to achieve energetically reliable predictions of strand architecture. Supported by the freezefracture images, the outcomes were validated based on curvature and branch angle distributions.
Moreover, the strands generated by TJ-StraPP could be directly compared with the double-row
strand model suggested by Suzuki et al, thereby integrating all the experimental observations
from the past. Further, we provide a molecular explanation of the occurrences of strand features
unique to claudin-15 such as smooth curvatures, branching and flexibility of the strand, by
identifying stable interfaces involved in the strand structure. We also demonstrate that PANEL
and TJ-StraPP are capable of capturing the effects of mutating the interfacial hydrophobic
residues of crystal lattice dimer, leading to disruption in strand formation and explain this
occurrence as an outcome of loss of specific dimer regions on the PANEL landscapes. The
general applicability of PANEL and TJ-StraPP to different claudins is presented by generating
strands of claudin-11 showing its unique features.11
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Results
Claudin-15: Computational prediction of TJ strand architecture.
Molecular investigation of claudin tight junction associations using computational
approaches have yielded significant understanding of residue-level details of protein interactions.
However, direct corroboration of TJ strand assembly and architecture with experimental
observations have been challenging due to extensive gap between the relevant length scales.
Several multiscaling approaches have been undertaken in the past to establish a better length
scale comparison.12,13 Yet, in case of tight junction strands, the largest number of claudins
simulated using self-assembly simulations has not been over 100 protomer in membrane patch of
less than 100 nm side. Whereas, observable variable features occur in membrane patches of at
least over 200 nm (based on freeze facture TEM observations). 9,11 Although self-assembly
simulation is a popular method to study protein associations, it presents numerous limitations
involving computational affordability, convergence issue, among others. Moreover, it still
remains a challenge to observe signature differences between TJ strands formed by different
claudins using self-assembly simulations, as observed in experimental freeze fracture TEM
methods.
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Figure 5-1. Claudin-15, monomer to strand. (a) Claudin-15 atomistic structure, front view and
top view highlighting TM domains with arrows, PANEL (b) frequency and (c) interaction energy
landscape, (d) Claudin-15 double row model, (e) stable dimer orientations identified from
PANEL landscapes relevant to double row model, (f) computational prediction of claudin-15
strand and (g) Freeze fracture TEM image of claudin-15 forming TJs.
In the past, we developed a hybrid method called Protein Association Energy Landscape
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(PANEL) to generate interaction energy and frequency landscapes for membrane protein
dimers.10 The PANEL method involves quantifying the energetics of interaction of membrane
protein dimers through exhaustive sampling of axial rotational states of the interacting proteins.
The axial rotation of either of protein forming dimer is used as the component space of
exploration, the rotational space (Fig-S1, SI). The PANEL method is performed as a combination
of stochastic sampling of the entire rotational space to generate discretized interaction geometries
or the seed geometries (Fig-S2, SI), followed by molecular dynamics simulations of independent
seed geometries for local sampling. Unique rotational states of either of the interacting protein
represent unique interfacial domain on the protein transmembrane region denoted by the blue,
green, yellow and red arrows on the top view cartoon of claudin-15 (Figure 5-1a). Each unique
rotational interaction state is further analyzed to generate interaction energy and frequency
landscapes (Figure 5-1b, 1c). The interaction energy landscape for protein associations indicates
the thermodynamic stability of each sampled dimer orientation, while the frequency landscape
represents the kinetic probability of forming every dimer on the rotational component space.
From the PANEL landscapes generated for claudin-15, we analyzed the regions of high
relative frequencies and stabilities to identify physiologically relevant dimer orientations. From
the crystal lattice polymeric structure of claudin-15, Suzuki et al proposed a double row model of
TJ strand involving an antiparallel arrangement of the linear crystal lattice polymer (Figure 51d), supported by the positioning of cation channel forming dimer interface of claudin-15.8 Three
out of five key dimer orientations identified by the PANEL landscapes were found to be aligned
with this double-row model structure (Figure 5-1e).
With the preliminary validation of a few key dimers analyzed from PANEL to be well in
alignment with the double-row model constructed with crystal lattice polymer, we developed a
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systematic computational algorithm called the Tight Junction Strand Prediction Protocol (TJStraPP), to take dimer orientation probabilities obtained from PANEL and generate a
probabilistic model for TJ claudin strands (Figure 5-1f). This algorithm consistently predicts
linear double-row strands with features largely resembling the proposed crystal structure doublerow model (Figure 5-1f). On a larger scale, we also found high resemblance in claudin-15 strand
features from the freeze fracture TEM images (Figure 5-1f, g). In addition to the dimer
orientations involved in the linear double-row model, a few other key dimers were also identified
by PANEL. The TJ-StraPP algorithm also explains the formation of claudin-15 strand features
such as branches, sharp bends, smooth curvatures, and the involvement of other key dimers from
PANEL in these structural features. The TJ-StraPP based upon PANEL can independently
predict claudin higher assembly structures in the micrometer length scales enabling direct
corroboration of structural features with experimental observations and molecular level
explanation of interfaces giving rise to unique claudin strands.
Funnels, Saucers—key dimers and representative structures, probability data
Although interaction energy landscape (Figure 5-2a) represents the thermodynamic
stability of the dimers along the rotational space, it does not take into consideration the kinetic
factors and entropic contributions. Therefore, the frequency landscape was treated as the basis
for identifying high probability dimer orientations that are hold higher physiological relevance in
participating in the strand formation. The frequency landscape represents the sampling frequency
of the rotational space (Figure 5-2b). Despite uniform initial seed geometries generated in
PANEL, certain regions are visited more frequently compared to others, signifying their high
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likelihood or probability of formation. Further, in concentrated high-frequency regions, the
energy landscape was analyzed for
obtaining the representative stable
dimer structures.
To identify key dimer
regions, we analyzed the frequency
landscape by uniformly gridding
the rotational space into Ωn grids,
with each grid representing
10°×10° area of the rotational
space making n=36x36 total grids
(a similar gridding pattern was
used for generating uniformly
distributed seed geometries in
PANEL method, Figure-S2, SI).10
These grids were further analyzed
based on 3 main criteria.
1. Residence. The residence
of seed dimer geometries was
mapped in each of the Ωn grid on
the rotational space. The grids
showing residence of geometries

Figure 5-2. Identification of stable cis dimers from PANEL
landscapes. (a) PANEL energy and (b) Frequency
landscapes, (c) 1D energy curve schematic demonstrating
saucers and funnels, (d) Relative frequencies of stable cis
dimers from PANEL, (e) Representative atomistic
structures of stable dimer orientations: Front view, top
view and 3D cuts of energy landscape showing the dimer
region.
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throughout the duration of MD simulations were selected as kinetically stable geometries.
2. Sink Effect. Further each grid was examined for its potential to acquire more
geometries, tending behave like sinks. This would represent the grids that can acquire geometries
that were not seeded in those grids but are more preferential and accessible for the geometries to
transform into.
3. Cumulative Frequency. The previous two effects ensure that the sampled frequencies
were not incidental of a moving geometry on the rotational space. Once the resident and sink
grids were determined, these grids were further filtered based on the cumulative frequency
sampled to arrive at the top tier of significant dimer orientations.
Once the highly preferred regions were identified (Figure-S3, SI), they were then
classified based on their relative energy and frequency into two categories called the Saucers and
the Funnels. Saucers: Regions with high relative frequency, indicating high kinetic favorability
and therefore higher probability of formation. Funnels: Regions with relatively lower frequency,
yet significantly low interaction energies, signifying a narrow region of high thermodynamic
stability but low kinetic favorability (Figure 5-2c). The regions presenting low relative frequency
as well as higher relative energy were later dropped form the analysis (considering an arbitrary
threshold value, rationale being, their probability of formation and stable existence can both be
considered too low to play a significant role in the strand formation).
Each of the clustered regions in Figure-S3 were analyzed individually to obtain their
cumulative frequency, average energy of the region, and the orientation of local minimum. The
cumulative frequency of each region was normalized to the region with the highest value to
obtain the relative frequencies (1 being kinetically most stable, and 0 being least stable).
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Likewise, the average local energy of each region was also normalized to the lowest average
energy (on a negative scale, with -1 being thermodynamically most stable and 0 being least),
(Figure 5-2d). Based on this characterization we obtained five saucers (S1-S5), and 2 Funnels
(F1 and F2) (Figure 5-2e), ranked according to their relative frequency (Figure 5-2d). Regions
with relative frequencies below 0.3 value were dropped from further analysis. The point of local
minimum in every Saucer/Funnel was chosen as a representative stable point of the region
(Figure 5-2e).
Trans interactions. Trans interaction corresponding to each of the top-ranking dimers
were analyzed for all symmetric combinations through docking and coarse-grained MD
simulations. The extracellular domain contributions to the interaction energy shows S1-S1 to be
the most stable interactions (Figure-S4, SI).

176

Tight Junction Strand Prediction Protocol (TJ-StraPP): Double row strand outcome
Using the ranked dimer orientations, an
algorithm to predict higher assembly strand was
developed in python (Figure 5-3a). This algorithm
requires three input parameters and follows two
major steps to predict higher assembly structure. The
inputs include the dimer probability data of the
claudin under investigation (here, claudin-15), userdefined number of monomers in the system and firstgeneration dimer ratio. Here, the probability data
refers to the ranked relative frequency of the top tier
dimers (Figure 5-2d). The selection of TJ-StraPP
input parameters is further explained in SI-Methods.
Step-1: All the monomers in the system are
assembled into dimers in the rotational orientation of
the highest probability dimer (S1), or in a ratio
provided by the user (e.g., S1:S2 = 99:1). These
dimers are referred to as first generation (FG)
dimers.

Figure 5-3. Tight junction strand
prediction protocol (TJ-StraPP). (a)
Python algorithm workflow, (b) Simple
strand prediction showing linear double
row model resemblance with S1 and S4
stable dimers.

Step-2: The FG dimers are then screened for
available regions to form secondary interface based on the dimer probability data. The secondgeneration (SG) interfaces are formed if a high probability dimer combination is available, in
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addition to a spatial feasibility of the SG interface formation without collision with the existing
monomers forming FG dimers.
For mimicking the process of TJ strand formation, cis dimers are considered to form trans
interactions, while simultaneously finding additional partners in cis to grow as a strand. In other
words, the FG cis dimers are followed by trans interactions between FG dimers in adjacent cells.
In this work, the FG dimers are assumed to be interacting with their own kind in trans, such as
S1-S1, S2-S2, etc., for simplicity. Followed by the trans interaction, the strand growth happens
through cis interaction via SG interface formation.14
The outcome of strand prediction for claudin-15 with FG dimer ratio of S1 = 100%
results in a linear double row strand (Figure 5-3b). Closer examination of the strand structure
shows linear stacking of S1 dimers from the FG along a SG S4 dimer interface. The S4 dimer
orientation, in other words, represents a continuous linear strand, identical to the crystal lattice
linear polymer arrangement. This prediction, although preceded by S1 in the FG, eventually
forms a linear, double-row strand, largely in agreement with the model presented by Suzuki et
al.8
Claudin-15 strand formation—varying initial parameters leads to variable strand outcomes
Of the three input parameters, the probability data is unique to an interacting pair of
dimers, and hence cannot be varied for a single protein strand prediction. The second being
number of monomers and the third being the FG dimer ratio. Varying or increasing the number
of monomers has a straightforward outcome of increase in predicted strand length. We generated
strands of variable number of monomers ranging from n=500 to n=2000 (Figure-S5 and S10, SI).

178

Keeping the FG
dimers as 100% S1, the
strands remain highly
linear, with no branching
observed at any point. A
continuous availability of
S4 interface for the SG
dimer allows the strand to
grow in such a linear
fashion. However, varying
the FG dimer ratio showed
more significant impacts on
the predicted strands.
Introducing secondary
dimers (such as S2, S3,
etc.) in the FG dimer ratio
leads to the formation of
branches in the strand.
Subsequently, increase in

Figure 5-4. TJ-StraPP variable FG dimer ratio prediction
outcomes. (a) Predicted strand spatial orientation, (b) Comparison
with freeze fracture images matched with variable densities, (c)
Post strand formation dimer distribution. Blue and orange boxes in
(a) and (b) represent 100 nm side scale bars.

the ratio of secondary dimers increases the number of branches observed in the predicted strands,
proportional to the number of secondary dimers introduced in FG (Figure 5-4a). Secondly, the
increase in branching due to mixing of secondary dimers in the FG introduces higher densities of
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the predicted strands. Moreover, this behavior of variable branching and density effects match
significantly with the freeze fracture TEM images observations (Figure 5-4a, b).
Despite the variable branching and density, a post strand-formation analysis of dimer
distribution in the strand (method discussed in SI) always leads to dominating numbers of S4
followed by S1 (Figure 5-4c), while the other dimers are found only in traces. This indicates that
the system is strongly favored to steer the strand formation to eventually give the largest
proportion of strands that represent the double-row linear strand model. Also, the suggestion of
the double-row model based on claudin-15 cation channel forming dimers strongly supports the
physiological preference to this structure.
Corroboration of the predicted strand features with freeze fracture images: smooth curvatures
in double-row strand and bimodal branch angles.
Curvature observed in double-row linear strand is due to slight angular deflection of S4
(Figure 5-5a). The predicted strands present a highly curved appearance despite their linear
arrangement of identical SG dimer orientations, S4, as mentioned above. Such curvatures were
also a key aspect of strand feature observed through freeze fracture studies. When we took a
closer look at it, the stacking of FG S1 dimers linearly through SG S4 interfaces gives rise to
slight angular deflection, i.e., S4 does not allow a perfectly parallel placement of S1 dimers next
to each other. This slight angle formed by each SG dimer, on a larger scale strand structure,
results in the observed curvatures. The variable extents of curvature in the strand are simply an
outcome of the random formation of S4s in either growing sides of the double-row. A consistent
placement of S4s on the same side of the double row will lead to a highly sharp curvature, while
a perfectly alternating S4 placement on either side of the double-row will generate a straight
strand. The actual strand is a random combination of these two possibilities. A comparison of the
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curvature distribution in the predicted strand with the observations from freeze fracture study
show a high resemblance (Figure 5-5e), confirming the outcomes of the prediction algorithm
(curvature calculation method details in SI).
Branches and bends in the strands are outcomes of mixing secondary dimers in FG ratio.
The perfectly linear strand formation is interrupted the moment secondary dimers are mixed in
the FG dimer ratio, even in minute proportions. Interestingly, mixing a specific kind of
secondary dimer led to a specific kind of branch formation. When S2 was introduced in the FG
dimers, it uniformly formed approximately right-angled branches (Figure 5-5b). This branch is
an outcome of one S2 from the FG giving rise to another S2 in the SG, thereby exposing a lateral
position suitable for S4 interface. This lateral exposed surface then develops into a branch which
further grows in the similar fashion of linear double-row strand.
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Figure 5-5. Comparison and validation of strand features predicted by TJ-StraPP. Explanation of (a) strand curvature based on S1
and S4 dimer interfaces, (b) strand branching and dimers involved in branched regions, and (c) bending and dimer involved. (d)
Freeze fracture image showing branching and bending behaviors. Comparison of (e) curvature and (f) branch angle distribution
between TJ-straPP predicted strands (green) and freeze fracture strand analysis (black).
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On the other hand, when S2 and S3 both were introduced in the FG dimers, an acuteangled branch and some sharp bends were also observed (Figure 5-5b,c), in addition to the rightangled branches. The introduction of S3 is seen to be involved in the acute-angled branch where
it leads to the formation of a complex structure involving multiple SG interfaces including and
S2, 2 S4s and an F2. This complex (shown in Figure 5-5b, top) causes branching of the strand.
The formation of sharp bend, however, only involves the FG S3 leading to two subsequent S4s in
SG. The orientation of the resulting S4s form a bend due to the underlying orientation if the S4S4 forming interface facilitated by S3 (Figure 5-5c). The branch angle density distribution of
freeze fracture images and predicted strands are shown in Figure 5-5f (method details in SI). A
summary of FG and SG dimers involved in the formation of each strand feature is presented in
Table 5-1.
Table 5-1. Summary of specific dimer orientations contributing to strand features
Strand feature

Dimers involved

Curved, straight

FG: S1-Across
SG: S4-Along the strand

Branch: right
angle

FG: S2
SG: S1 and S4

Branch: acute
angle

FG: S3
SG: S1, S2 and S4

Bend

FG: S3
SG: S4

Mutation of residues of the hydrophobic pocket disrupts strand formation (146F, 147F, 158L)
As mentioned above, the S4 dimer interface closely resembles the claudin-15 crystal
lattice dimeric unit, forming strong interactions involving the hydrophobic pocket formed by
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residue F146, F147 and L158.7–9 Mutating these residues were shown to abolish strand
formation. To investigate the capacity of PANEL and TJ-StraPP methods to capture this, we
mutated all three residues to Glycine and generated PANEL landscapes, and a obtained the
corresponding dimer frequency ranking. The dimer relative frequency graphs computed for
identical regions as the wild-type claudin-15 resulted in the frequencies of S2, S4 and F4 to be
largely diminished (Figure-S6, SI). Further, when the mutated frequency data was provided as
input to the TJ-StraPP algorithm, the outcome did not form strands (Figure-S7, SI). However, the
FG dimers were found to be intact. This suggests that although the algorithm could generate FG
dimers since the residues involved in the S1 interface were unaltered, no further SG interface
was formed due to the lack of availability of high probability interfacing surface for SG. This
further confirms the capability of PANEL and TJ-StraPP algorithms in predicting claudin higher
assemblies as well as generating accurate predictions in case of mutations.
Molecular Dynamics of strand
We performed coarse grained molecular dynamics simulation of a predicted strand
consisting of 100 monomers (50 on each membrane) in explicit membrane and solvent for 1 µs
(system setup in Figure 5-6a). The details on simulation setup and parameters are provided in the
SI. The simulation showed stabilizing of the predicted interfaces with no disintegration of FG or
SG interfaces. To determine the changes in the angles formed by two adjacent S1 dimers via S4
in the predicted strand during the simulation, we computed the angle between every consecutive
S1 dimer pair (Figure 5-6b).
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Figure 5-6. Molecular Dynamics simulation of predicted strands. (a) MD simulation setup of
tight junction strand, (b) schematic of angle measurement between two S1 dimers in the
simulation, (c) distribution of mean S1-S1 angles at 0 and 1.5 µs of MD simulation, (d)
distribution of rate of S1-S1 angle fluctuation per nanosecond along the simulation.
The distribution of angles made by adjacent S1 dimers along the simulation shows a
narrow distribution ranging from 0° to 19.6° with a median value of 11.7° at 0 µs, after
equilibration (Figure 5-6c). As the simulation progressed the angle distribution was observed to
get wider in range, and at 1.5 µs the distribution ranged from 0.1° to 30°, with a mean value of
15.8° and a median of distribution at 17.9° (Figure 5-6c). The mean angle distribution appears
slightly bimodal and maintains a constant shape of distribution beyond 800 ns (Figure-S8, SI).
The change in angle distribution signifies slight reorganization of the dimers in the
strand. The mean and median values of angles measured in the strand along the simulation
remains constant after ~1 µs, reaching a stable mean value of ~14.9° (Figure-S9a, SI). Further,
the strand flexibility was quantified by obtaining the Δangle value between every nanosecond
time step of the simulation (details in SI). The rate of angular fluctuation remains fairly constant
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over the course of the simulation (Figure-S9b, SI). The Δangle values measured beyond ~1 µs of
simulation, shows a narrow distribution of Δangle with a median value of 0.9°/ns and ranges
from 0 to 6.4°/ns denoting the extents of angular fluctuation per nanosecond (Figure 5-6d). The
flexibility of the strand during the simulation can be observed in the SI-movie.
Applicability to different claudins.
To demonstrate the versatility, the PANEL and TJ-StraPP methods were applied to
predicting the TJ strand architecture of claudin-11 using an identical procedure followed for
claudin-15 (Figure-S11, SI). The predicted strand structures of claudin-11 were compared with
the freeze fracture replica images of claudin-11 form the literature and seen to be in close
agreement.11 Further, the freeze fracture images show a distinct double row model for claudin-11
strand, which was also verified with the TJ-StraPP predicted model. However, it is noteworthy,
that the double row strand formed by claudin-11 follows a different combination of dimer
orientations of the rotational landscape compared to the claudin-15. This signifies the unique
characteristic of each claudin. Furthermore, unlike claudin-15, claudin-11 does not show
curvatures, and tends to be largely straight with some sharp bends. Also, claudin-11 does not
form multiple branches proportional to the mixing of FG dimers. Interestingly, these
observations greatly match with the freeze fracture images. Further work needs to be done to
quantify the similarities with experimental work.

Discussion
The PANEL method yields key cis dimer interactions of claudins which show close
resemblance to multiple alignments of the double-row strand model developed from the crystal
lattice polymer. The dimer interface S4 directly compares with the crystal lattice dimer. In
addition, dimer structures similar S1 and S3 have also been suggest in previous works through
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protein-protein docking method.9 The outcomes from PANEL reveals a comprehensive outlook
towards identifying high probability dimer interfaces through exhaustive sampling technique. A
systematic ranking of a range of preferred dimer orientations avails the necessary input factors to
reconstruct a higher assembly structure of claudin strand based on a purely probabilistic
approach. (S4 is cis-1, S3 closely resembles cis-2, S1 closely resembles cis-3 from the
computational studies.)
Claudin-15 strand architectures obtained from TJ-StraPP could be verified with the
experimental observations. The algorithm is currently designed to treat an FG dimer as the
nucleation point to build a strand model. This is an assumption made for an idealistic strand
generation. Given the availability of all possible orientations, the assumption was that the best
option will be chosen naturally by all the monomeric unit, thereby forming a majority of the
highest probability dimer, S1, in FG. Also, experimental evidence suggests that claudins may be
capable of forming dimers before they reach the plasma membrane. 15 Following this, in SG
dimerization, if the proteins surface involved in forming the highest probability dimer is
unavailable, the FG dimers may then start looking for the next best options among the high
probability dimer interfaces for carrying out SG interfaces. Based on this logic, an idealized
version of the prediction algorithm was created. However, nature may not present the ideal case,
and all the monomers may not get the best option in the FG, or in fact, all the monomers may not
even find a pair to form FG dimer. In this case, they may either form an FG dimer of a secondary
preferred orientation or may even remain as a monomer in the FG stage. The first case can be
implemented as mixing secondary dimer in the FG ratio, but the second case of considering
monomers as part of SG interface formation remains to be pursued in the future.
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In this work, trans interactions of symmetric nature are being considered, however,
further explorations pertaining to unlike cis dimers interacting in trans. A high probability and
abundance of S1, and the relatively lower prevalence of the other dimers, suggests a greater
likelihood of FG dimers going into SG interface formation stage shall be dominated by S1. Even
a case of 98% FG S1 dimer distribution still has ~96% chance of forming S1-S1 trans
interactions. Given the nature of the strand formation to be directed towards S1-S4 alternation in
cis as observed, it is likely that the involvement of other dimers in the SG will be further
diminished. Also, experimental suggestion is that the claudin-15 strand formation in vivo largely
tends to be unbranched.
The post-strand formation dimer distribution showing dominant levels of S4 may be
considered yet another promising validation of TJ-StraPP predictions. S4 dimer orientation, as
described above, closely resembles the crystal lattice dimer. The abundance of S4 in the final
strand structure may directly correlate with the fact that a similar structure was observed as linear
strands in crystallographic observations.
Moreover, the S1 and S4 arrangement of highly linear, double-row, smoothly curved
structures, can be seen analogous to the railway tracks with S4 dimers forming continuous
interfaces side-by-side to form a linear polymer like the rail, and S1 as the sleepers across the
two parallel rails that hold the S4 polymer together. The higher probability and stability of S1
over S4 may be explained based on this function that the S4 polymer need to be strongly stitched
together to facilitate and keep intact the channel forming interface across without any
perturbations.
The flexibility of the strand observed experimentally in live cell imaging as well as in
MD simulations is seen to be caused by the S4 interface. The S4, or the crystal dimer interface,
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as described in the literature, shows a hinge-like interaction between the hydrophobic pocket
(F146, F147, L158) and the interfacing monomer (M68). This hinge imparts a slight degree of
freedom to the angular movement of the strand with a median fluctuation of 0.9°/ns rate as
observed from the MD simulation in equilibrium.
Mutating the hydrophobic pocket residues is a known parameter to disrupt strand
formation. The mutation tests on our computational methods PANEL10 and TJ-StraPP also
revealed a similar outcome. It is noteworthy that on mutating all three residues of the
hydrophobic pocket, we observed not only does the S4 interface frequency is diminished but also
any interface involving those residues are partly or fully diminished including S2 and F2 as
shown in Figure-S5, SI. The entire strip on the PANEL landscape representing the rotational
orientation corresponding to the hydrophobic pocket interface gets diminished, further signifying
the strong role of these residues in dimerization. While it is also important to notice that only the
PANEL strip involving the hydrophobic pocket residues were affected, however, the S1 dimer
shall remain intact and still be capable of forming dimer. But the symmetric nature of S1 dimer
may not allow it grow as a strand in the absence of other preferred interfacing orientations,
thereby rendering strand formation unattainable.

Conclusions
In this work, we present the application of PANEL and the development of TJ-StraPP
algorithm in a systematically combined workflow to predict claudin assembly strands up to
micron scale. Starting from the atomistic structure of claudin-15 we have demonstrated that
stable dimer configurations can be identified using PANEL method which can further be used as
input to predict higher assembly strands by TJ-StraPP through a probabilistic approach. The
predicted strand structures are also shown to be in close agreement with the crystal structure
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based molecular arrangement as well as freeze fracture TEM studies. The TJ-StraPP code was
also designed to record the post strand formation dimer distributions to point out the dominant
forms of cis dimers that are likely to be found in a claudin TJ strand. Specific strand
characteristics such as curvatures, branches and bends were also explained with the help if
specific dimer involvement. Moreover, the combination of PANEL and TJ-StraPP was found to
be capable of capturing the effects of residue mutations and a resulting disruption in strand
formation based on the loss of some stable dimers. The stability, dynamic behavior, and
flexibility of the strand were also studied and quantified using the predicted strand by performing
coarse grained molecular dynamics simulations. This work has shown the robust nature of
computational prediction methods based on probabilities derived from energetic stability of
protein interactions. Lastly, we have also shown the strand formation of claudin-11 using
PANEL and TJ-StraPP to demonstrate the applicability of these algorithms to other claudins. In
the future, this computational approach shall be used to identify the distinct strand formation
mechanisms and explain the uniqueness of each claudin from a molecular perspective. This will
contribute to a complete understanding of the molecular architecture of claudin strands, and
thereby improve the understanding of the involvement of claudins in barrier dysfunctions, barrier
enhancement and also to the pharmaceutical aspects of enhancing drug delivery through
paracellular modes.
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Supporting Information
Methods
TJ-StraPP inputs. TJ-StraPP requires three inputs: Number of monomers, probability data and
first-generation dimer ratio.
1. Number of monomers. User defined value
2. Probability data. A 2D zero-array of 360x360 was generated where the representative
dimer orientations of Saucers and Funnels were assigned with their corresponding
frequency value. This array was treated as the probability input data generated form the
values after analyzing the PANEL landscapes.
3. First generation dimer ratio. Variable FG dimer ratios can be user defined. In this work
we used FG dimer ratios involving purely S1, S1:S2 and S1:S2:S3 combinations. For
S1:S2, we studied variable ratios such as 99:1, 95:5 and 90:10. For S1:S2:S3 ratios, the
S2:S3 relative ratio was matched with their relative frequency ratio of 0.7:0.5. The study
ratios used were S1:S2:S3 = 988:7:5, 976:14:10, 940:35:25 and 88:7:5.
Post strand-formation analysis of dimer distribution in the strand. The FG and SG dimer
angular orientations are stored as part of the TJ-StraPP code output. These were used to generate
post strand formation dimer distributions using in-house python scripts.
Curvature calculations. The curvature of TJ-StraPP strands was computed by applying circle fit
method using 3 points based on the algorithm proposed by V. Pratt. The curvature analysis
function was written in python, translated from Matlab circle fit function by Nikolai Chernov. 1
(Nikolai Chernov (2021). Circle Fit (Pratt method).
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https://www.mathworks.com/matlabcentral/fileexchange/22643-circle-fit-pratt-method),
MATLAB).
Curvature calculations for freeze fracture TEM images was performed using the same method
described by Zhao J. et al.2
Branch angle measurement. The branch angles were measure using ImageJ software through
direct measurement of angles.
Claudin-15 mutations F146G, F147G and L158G. Mutations in claudin-15 were performed in
YASARA.3 PANEL method was applied on mut-claudin-15 to obtain a separate set of energy
and frequency landscapes. These landscapes were analyzed identical to the wt-claudin-15 to
compare frequency variations induced by mutation of the hydrophobic pocket residues.
MD simulation of TJ-StraPP claudin-15 strand.
System generation. A strand model of n=100 monomers and S1=100% FG ratio was selected for
generating simulation box. The spatial and angular orientations were stored by TJ-StraPP, which
was used to orient the proteins identical to the predicted strand. In-house python scripts were
developed to read the orientations from TJ-StraPP outputs and interface with Gromacs4,5 MD
platform to generate the simulation system. The system was generated in coarse grained
resolution set to MARTINI forcefields.6 The proteins were then surrounded by lipid bilayer
comprising of dioleoyl-phosphatidylcholine (DOPC) to represent explicit membranes using
insane.py script provided by MARTINI developers. The membrane patch with the oriented
proteins was 150×150 nm2. The simulation box was set to be 150×150×15 nm3, with regular
martini water and anti-freeze water and a salt concentration of 150 mM.
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Simulation setup. MD simulations were performed using GROMACS2018x suite, 4 set to
MARTINIv2.27 CG parameters. The system was energy minimized and then equilibrated in
isochoric-isothermal (NVT) and isobaric-isothermal (NPT) ensembles for 100 ns. The
equilibration temperature was maintained at 310 K using v-rescale thermostat8 (tau-t = 1ps) and a
constant pressure was maintained during NPT at 1 bar using Berendsen barostat 9 (tau-p = 5ps)
with semi-isotropic pressure coupling. The production MD run was performed in NPT ensemble
with constant pressure of 1 bar and temperature of 310 K maintained using Parrinello-Rahman
barostat10 (tau-p = 12ps) and v-rescale thermostat (tau-t = 1ps), respectively. The production run
was performed for 1 µs. The lipid head groups were position restrained in the z-direction with a
weak force constant of 15 kJ/mol to avoid undesirable membrane undulations. All simulation
runs were performed using 20 fs time step.
Analysis of MD simulation. All the analyses were performed using in-house python scripts often
using MDAnalysis package.11,12 Angle analysis. Each consecutive FG dimer S1 was used to
compute a vector using the center of mass of each monomer. The vectors from adjacently placed
S1s were used to compute the angle between them at every nanosecond time step along the
simulation trajectory. Further statistical analysis was performed to generate distribution graphs
and to calculate mean, median and the ranges of the distributions. Rate of fluctuation. The rate of
fluctuation was computed by calculating the angle values at every ns time step, which was then
used to obtain the Δangle between every data point, or every ns time step for angle formed by
each pair of adjacently places S1s. Time progression of Δangle shown in Figure-S8b, the error
bars represent the standard deviations of the Δangle distribution at any given time step made by
angle fluctuation between all S1 vectors.
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Figure-S1. PANEL method. Schematic representations of seed dimer geometry setup (a) Front
view with protein cartoon representation and (b) top view of protein orientation indicated by
arrows denoting TM positions (TM1-blue, TM2-green, TM3-yellow, TM4-red). (c) Rotational
space defined by axes representing rotational orientation of either of the proteins.
PANEL method13

SI Figure 5-1. PANEL method. Schematic representations of seed dimer geometry setup (a)
Front view with protein cartoon representation and (b) top view of protein orientation indicated
by arrows denoting TM positions (TM1-blue, TM2-green, TM3-yellow, TM4-red). (c) Rotational
space defined by axes representing rotational orientation of either of the proteins.
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Figure-S2. PANEL stochastic sampling of seed dimer geometries in evenly spaced grids.

SI Figure 5-2. PANEL stochastic sampling of
seed dimer geometries in evenly spaced grids

195

Figure-S3. Funnel/Saucer analysis: identifying key dimer regions by selecting high frequency
regions. The graph represents rotational space with 10°×10° grids marked by checkers. High
residence and high frequency regions are represented by square grids highlighted in white.

SI Figure 5-3. Funnel/Saucer analysis: identifying
key dimer regions by selecting high frequency
regions
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Figure-S4. Trans interactions. Interaction energy contributions by extracellular loops in
symmetric cis dimer trans docking MD analysis.

SI Figure 5-4. Trans interactions. Interaction energy contributions by extracellular loops
in symmetric cis dimer trans docking MD analysis
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Figure-S5. TJ-StraPP outcomes for variable number of monomers ranging from n=500 to n=2000. (Axis markings in nanometers)

SI Figure 5-5. TJ-StraPP outcomes for variable number of monomers ranging from n=500 to n=2000
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Figure-S6. Mutation of hydrophobic pocket residues F146G, F147G, L158G. PANEL frequency
plots for (a) wt-claudin-15 and (b) mut-claudin-15. (c) Funnel-Saucer analysis to find key dimer
regions for wt-Claudin-15, and (d) analysis of high frequency regions obtained from wt-Claudin15 applied to mut-Claudin-15 for comparison.
SI Figure 5-6. Mutation of hydrophobic pocket residues F146G, F147G, L158G
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Figure-S7. Two instances of strand formation prediction from TJ-StraPP for mut-Claudin-15. No
strand formation observed in mut-claudin-15. FG dimers S1 still exist.

SI Figure 5-7. Two instances of strand formation prediction from TJ-StraPP for mut-Claudin15
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Figure-S8. S1-S1 angle distribution at every 100 ns interval during MD simulation.

SI Figure 5-8. S1-S1 angle distribution at every 100 ns interval during MD simulation
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Figure-S9. Mean and median of angle distributions at every nanosecond of simulation, Rate of
fluctuation over time

SI Figure 5-9. Mean and median of angle distributions at every nanosecond of simulation, Rate
of fluctuation over time
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Figure-S10. Additional strands generated by TJ-StraPP with different FG ratios.

SI Figure 5-10. Additional strands generated by TJ-StraPP with different FG ratios.
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Figure-S11. Strand predictions for claudin-11 using TJ-StraPP

SI Figure 5-11. Strand predictions for claudin-11 using TJ-StraPP
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